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Resumo

Esta tese aborda a tarefa de reconhecimento de acoes humanas em videos realisticos
com base no conteiido visual. Tal habilidade tem uma vasta gama de aplicacoes, mas
este trabalho é motivado principalmente pela ideia de que descritores visuais e modelos
efetivos sao necessarios para prover as maquinas de busca atuais com uma melhor
capacidade de lidar com a grande quantidade de dados multimidia sendo produzidos
todos os dias.

Uma questao levantada por estudos preliminares é o fato de que a coleta manual
de exemplos de acoes em videos ¢ uma tarefa demorada e sujeita a erros. Isso é um
gargalo importante para a pesquisa relacionada a compreensao de videos, uma vez que
as grandes variagoes intra-classe apresentadas nestes videos exigem numerosos exemplos
de treino.

Nesta tese, ¢ proposta uma abordagem para esse problema baseada na teoria
de Transferéncia de Aprendizagem, na qual é relaxada a suposicao classica de que os
exemplos de treino e teste devem vir da mesma distribuicao. Os experimentos com
a base auxiliar Caltech256 e a base alvo Hollywood2 indicaram que com informacgoes
transferidas de apenas quatro conceitos da base auxiliar ja é possivel obter melhorias
estatisticamente significativas na classificacao das acoes da Hollywood2. Esses resulta-
dos foram considerados uma evidéncia segura em favor da solugao aqui proposta. Tal
solugao engloba nossa principal tese, que pode ser sumarizada em: a) é factivel usar
técnicas de Transferéncia de Aprendizagem para detectar conceitos em bases de videos
realisticos de acdes humanas, e b) usando a informacdo transferida, é possivel melhorar

o reconhecimento de acoes em tais cenarios.

Palavras-chave: Reconhecimento de A¢oes Humanas, Compreensao de Videos, His-
togramas de Caracteristicas Visuais Locais, Transferéncia de Aprendizagem, Contexto

em Reconhecimento de Agoes.
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Abstract

This thesis addresses the task of recognizing human actions in realistic videos based
on their visual content. Such an ability has a wide variety of applications in specific
settings, but this work is above all motivated by the idea that effective visual descriptors
and models need to be provided in order to make current search engines better able to
cope with the large amount of multimedia data being produced every day.

An issue which has arisen from preliminary studies is the fact that to manually
collect action samples from realistic videos is a time-consuming and error-prone task.
This is a serious bottleneck to research related to video understanding, since the large
intra-class variations of such videos demand training sets large enough to properly
encompass those variations.

In this thesis, we propose an approach for this problem based on Transfer Learn-
ing (TL) theory, in which we relax the classical supposition that training and testing
data must come from the same distribution. Our experiments with Caltech256 and
Hollywood2 databases indicated that by using transferred information from only four
concepts taken from the auxiliary database we were able to obtain statistically sig-
nificant improvements in classification of most actions in Hollywood2 database, thus
providing strong evidence in favor of the presented solution. Such solution encompasses
our main thesis, which can be summarized in two main contributions: a) it is feasible
to use TL techniques to detect concepts in realistic video action databases and, b) by
using the transferred information, it is possible to enhance action recognition in those

scenarios.

Palavras-chave: Human Action Recognition, Video Understanding, Bag-of-Visual-

Features, Transfer Learning, Context in Action Recognition.

XVii






List of Figures

2.1

2.2

2.3

2.4

2.5

2.6

A video can be seen as a spatio-temporal volume composed of the spatial
dimensions coming from the frames (y and y) along with the temporal
dimension ¢ (the image of the first frame is from the Weizmann database,
presented in Gorelick et al. [2007]). . . . . . ... .o L

Schematics illustrating the relationship between: (a) representing text
documents by BoWs, and (b) representing images by BoVFs. (Sources
for the pictures: http://www.flickr.com/photos/ibcbulk /2473965083, and
http://www.flickr.com/photos /bbeworldservice /4403284481 / — both under
Creative Commons licences: (a) Attribution-Noncommercial-Share Alike

2.0 Generic; (b) Attribution-Noncommercial 2.0 Generic). . . . . . . . . ..

Steps for creating a Bag of Visual Features for visual data. The details of

every step are provided in the text. Source: Lopes et al. [2009d]. . . . . . .

(a) the binary classification problem for 2D patterns; (b) several possible lin-
ear decision boundaries; (¢) the linear decision boundary which maximizes

the margin A between the classes. . . . . . . .. ... .. .. ... .....

Mlustrating how an outlier can affect the definition of the separating hy-
perplane. The hyperplane in (a) is computed without the candidate outlier
(marked as “suspicious” point), while in (b) the hyperplane computation
takes that point into account. In the soft margin classifier (c¢), some points
are allowed to be inside the margin or even at the wrong side of the sepa-

rating hyperplane. . . . . . . . . ...

The addition of a third dimension along with a proper mapping can turn
previously non-separable data (a) into linearly-separable data in the new
3D space (b). The magenta square between the two gray ones represents
the separating plane in that new space (this picture was built based on the

ideas verbally presented in Campbell [2008]). . . . . . . . .. .. ... ...

Xix



3.1 Overview of the processing steps needed for action recognition in videos:
(a) representation extraction step, (b) action modeling step, and (¢) action

recognition step (picture best viewed in color). . . . . . . ... ... ..

3.2  Categorization framework used along this survey for organizing the ap-
proaches for human action recognition found in the literature. It is based
on the underlying video representations. Image references: (a) Yilmaz and
Shah [2005], (b) Datong et al. [2008], (¢) Bobick and Davis [2001], (d) Blank
et al. [2005], (e) Xie et al. [2004], (f) Shechtman and Irani [2005], (g) Dollar
et al. [2005], (h) Ebadollahi et al. [2006a], (i) Gilbert et al. [2008] (picture

best viewed in color). . . . . ...

4.1 Overview of the feature extraction process for the proposed transfer frame-
work. Firstly, several models are created from an auxiliary (source) database
(a—b), and applied to the target (action) database (c—d). The results of those
models are combined in several ways (e, f, g) and then used as features for
the final action classifier (h), together with the results of the baseline clas-

sifier (j). More details will be provided in the text. . . .. ... ... ...

4.2 Tllustration of how different frames of the same action clip in Hollywood2

can provide more or less contextual information for the final action classifier.

5.1 Transfer of Knowledge about Phones (k=400, m=5) . . . . . ... .. ...

5.2 F1 Scores show that kernel and vocabulary sources do not present significant
differences for transfer, while the combination scheme can greatly influence
transfer results. (k=400, m=5) . . ... ... ... ... ... ...

5.3 Indicates that even with only 4 (four) concepts used for transfer, most
precision values increase, no matter the classifier combination scheme
applied for the concept classifiers. Actions: AP — AnswerPhone, DC —
DriveCar, E — Eat, FP — FightPerson, GOC — GetOutCar, HS — Hand-
Shake, HP — HugPerson, K — Kiss, R — Run, SD - SitDown, SiU — SitUp,
StU — StandUp. Transfer Concepts: car-tire, car-side, rotary-phone and
telephone-box. . . . . . .. oL

5.4 A sequence exemplifying a difficult example of GetOutCar action. Observe
that the car is presented in a frontal point-of-view (instead of car-side and
the visual information related to the action of getting out of the car is very
small (magenta arrow). . . . . . . . . L

5.5 AnswerPhone transfer results (k=400, m=10), showing a case in which

transfer is not able to have an influence on classification results. . . . . . .

XX

70



5.6  DriveCar (best case) Transfer Results (k=400, m=10) show how the infor-
mation introduced by transfer move the average precision away from the
chance-level line. . . . . .. ... oo

5.7  GetOutCar transfer results (k=400, m=10) is an example (among others) in
which even when transfer does not move the results away from the chance-

level line, they tend to be more unbiased with transfer. . . . . . ... ...

6.1 Comparing vocabulary centroids selected by k-means and Enhanced Ran-
dom Selection (ERS) in a 2-dimensional feature space. The original points
are produced by a summation of two gaussian distributions with distinct
parameters. It is possibl to see that k-means selection follows the original
distribution more closely, while using ERS method, one can obtain a set of
points better distributed in space. . . . . .. ..o

6.2 Recognition rates obtained by the three algorithms explored, both with and
without Principal Component Analysis (PCA). . .. ... ... ... ...

6.3 Variances for the three algorithms explored, with and without PCA. . . . .

6.4 Confidence intervals for the recognition rates using k£ ~ 700 and without
PCA, with 90% of confidence. . . . . . . . ... ... ... ... ......

6.5 Selecting and describing 2D interest points from spatio-temporal frames. . .

6.6 Snapshots of the Weizmann Gorelick et al. [2007] human actions database.

6.7 Confidence intervals for the recognition rates obtained with SURF points
gathered from different frames sets, at a confidence level of 95%. . . . . . .

6.8 Confidence intervals for the recognition rates obtained with SIFT points
gathered from different frames sets, at a confidence level of 95%. . . . . . .

6.9 Comparing results for spatio-temporal SURF, spatio-temporal SIFT and
STIP at various vocabulary sizes. . . . . . . . . .. .. ... ... .....

6.10 Comparing the best achieved results for each descriptor type, including both
similar peaks found for SIFT. . . . . .. ... ... ... ... .......

6.11 Some examples of nude and non-nude images collected for our evaluation
database. . . . . ..

6.12 Comparing results based on SIFT and Hue-SIFT. . . .. .. .. ... ...

podl

84

95






List of Tables

1.1

3.1

3.2

3.3

5.1
5.2

6.1

6.2
6.3

6.4

LSCOM concepts re-annotated by using video segments instead of
keyframes (Kennedy [2006]). . . . . . .. ... .. ...

Summary of Action Recognition Approaches Based on Object Model Rep-
resentations (table best viewed in color). . . . . . .. ...
Summary of Action Recognition Approaches Based on Global Statistical
Representations (table best viewed in color). . . . . . . ... .. ... ...
Summary of Hybrid Action Recognition Approaches (table best viewed in

color). . .

Source and target databases used in the experiments . . . . .. ... ...
Differences in precision values with their statistical significance at a 95%

level . . .

Comparing recognition rates of BoVF-based approaches applied to the Weiz-
mann database. Some details of each comparing approach are provided in
the text. . . . . . ..
Comparison between spatio-temporal SIFT and STIP. . . ... ... ...
Best recognition rates with Hue-SIFT and SIFT descriptors (confidence
intervals — given by “Min.” and “Max.” values — have a confidence level of

O5%).  © o

Comparing recognition rates for keyframe and voting based classification. .

XX1i1

41

100
102






List of Acronyms

BoVF
BoW
CBVR
DoG
DTM
EMD
ERS
GMM
HCI
HMM
HoF
HoG
IR

ITL
KTH
LDA
LIBSVM
LSCOM
MEI
MHI
ML
MMI
MPEG

Bag-of-Visual-Features ........ ... ... i 11
Bag-of-Words . . . ..o 15
Content-Based Video Retrieval ......... ... ... ..o oot 36
Difference of Gaussians ........ ... 12
Deep Transfer via Markov Logic.......... ...t 30
Earth’s Mover Distance ....... ... i 55
Enhanced Random Selection ......... ... ... il 85
Gaussian Mixture Models...... ... ... i 52
Human-Computer Interaction............... ..., a7
Hidden-Markov Models ....... ... 55
Histograms of optical Flow............ ... i, 14
Histograms of Gradients ........... ..o i, 14
Information Retrieval ....... ... ... . i 49
Inductive Transfer Learning. ... ... 29
Royal Institute of Technology —in Swedish......................... 50
Latent Dirichlet Allocation....... ... ... . i, 51
LIBrary for Support Vector Machines .............................. 25
Large-Scale Concept Ontology for Multimedia...................... 55
Motion Energy Image ... 44
Motion History Image........... i 44
Machine Learning........ ..o 28
Maximization of Mutual Information............. ... ... ... ... ... 52
Moving Picture Experts Group.............cooiiiiiiii i 55

XXV



NMF
NN
PCA
pLSA
PRS
RBF
ROC
ROI
RVM
SIFT
SFF
SSM
ST-SIFT
STIP
STPM
SURF
SVM
tf-idf
TL
TTL
TREC
TRECVID
UTL
VWC

Non-negative Matrix Factorization .............. ... ... ... .. ..... 45
Neural Networks .. ... 20
Principal Component Analysis...............cooiiii ... 18
probabilistic Latent Semantic Analysis.................. ... ... .... 51
Pure Random Selection ....... ... 85
Radial-Basis Function........... ... . i 25
Receiving Operator Characteristic.............. ... ... .. 77
Region of Interest........ ... i 37
Relevance Vector Machines.......... ... i, 53
Scale-Invariant Feature Transform.............. ... ... ... ... ... 11
Smart Fast-Forward......... ... . 47
Self-Similarity Matrix. ... 56

Spatio-Temporal Scale-Invariant Analysis

Space-Time Interest Points............ ... .. il 13
Spatio-Temporal Pyramid Matching.............. ... ... ... ... 52
Speed-Up Robust Features............... ... i 13
Support Vector Machines ...... ... . i 11
term-frequency inverse-document-frequency ........................ 19
Transfer Learning...... ..o 29
Transductive Transfer Learning ......... ... ... it 30

Text REtrieval Conference

TREC Video Retrieval Evaluation ........ ... . ... . ... 55
Unsupervised Transfer Learning............... ... oo, 30
Video Words CLusters . . ..ot e e 52

XxXvi



Contents

Acknowledgments xi
Resumo XV
Abstract xvii
List of Figures xix
List of Tables xxili
List of Acronyms XXV
1 Introduction 1
1.1 Motivation . . . . . . . . . 2
1.1.1 Additional Applications . . . . . . . ... ... ... ... ... 4

1.2 Objectives . . . . . . . . . 5
1.3 Contributions . . . . . . . . . e 6
1.4 Thesis Organization . . . . . . . . .. .. .. . 6
1.5 Summary of Publications . . . . . . .. ... . ... ... .. .. ... 7
1.5.1 Publications on Human Actions . . . . . . . . . . . . . .. ... 7

1.5.2 Publications on Related Applications . . . .. .. .. ... ... 7

1.5.3 Publications on Other Applications . . . . . . ... . ... ... 8

1.5.4 Publications from Collaborations . . . . . . . . . .. ... ... 8

I Foundations 9
2 Methodological Foundations 11
2.1 Interest Points . . . . . . . . . . 11
2.1.1  Scale-Invariant Feature Transform (SIFT) . . ... .. ... .. 12

XXVil



2.2

2.3

24

2.5

2.1.2  Speed-Up Robust Features (SURF) . . . . .. .. ... ... ..
2.1.3  Space-Time Interest Points (STIP) . . . ... ... ... ....
Bags-of-Visual-Features . . . . . . . . .. ... ... .. ... ...
2.2.1 Point Selection . . . . . ... .. L
2.2.2 Point Description . . . . . . . . ... oo
2.2.3 Vocabulary Discovery . . . . . . .. .. ... oL
2.2.4 Cluster Association . . . . . . . .. .. ... ... ...
2.2.5 Histogram Computation . . . . .. .. ... ... ... .....
Support Vector Machines . . . . . . . .. .. ... ... ...
2.3.1 Linear Support Vectors Classifiers . . . . . ... ... ... ...
2.3.2 Classifing Non-Linearly Separable Data . . . . . .. .. .. ...
2.3.3 Practical Considerations . . . . . . ... ... ... ... ...
2.3.4 Kernels to Deal with Images . . . . . . ... ... ... .....
2.3.5  The LIBrary for Support Vector Machines (LIBSVM) . . . . . .
Transfer Learning . . . . . . . . . . . . . ... o
2.4.1 Sources of Knowledge in TL . . . . .. .. .. ... ... ....

Concluding Remarks . . . . . .. ... ... 0oL

3 State of the Art

3.1
3.2
3.3

3.4

3.5
3.6

Related Surveys . . . . . . . . . ..
Categorizing Different Approaches for Action Recognition . . . . . . . .
Approaches Based on Models of the Moving Objects . . . . . . ... ..
3.3.1 Using Parametric Object Models . . . . . ... ... ... ...
3.3.2  Using Implicit Object Models . . . . . .. ... ... ... ...
Approaches Based on Global Statistics . . . . . . ... ... ... ...
3.4.1 Using Statistics of Low-level Features . . . . . . . .. ... ...
3.4.2 Approaches Based on Statistics of Local Descriptors . . . . . . .
3.4.3 Using Concept Probabilities . . . . . . ... ... .. ... ...
Hybrid Approaches . . . . . . . . . . ..

Concluding Remarks . . . . . .. .. ... . . oo

IT Contributions

4 Proposed Solution

4.1

Justification . . . . ..o
4.1.1 Contextual Information in Action Recognition . . . . . . .. ..

4.1.2 Dealing with Scarce Training Data . . . . . . .. ... ... ..

XXViil

33
33
37
42
42
43
45
46
48
95
96
a7

61



4.2 Proposed Approach . . . . . . . ... 66

4.3 Transferring Concepts from Still Images to Videos . . . . . . . .. . .. 67
4.3.1 Strategies for Combining Classifiers . . . . . . .. .. ... ... 69

4.4 Concluding Remarks . . . . . .. ... ... Lo 71

5 Main Results 73
5.1 Experimental Setup . . . . . . . ... 73
5.2 Results and Discussion . . . . . . .. ... Lo 75
5.2.1 Transferring from Caltech256 images to Hollywood2 frames . . . 75

5.2.2 Using transfer to improve action recognition . . . . . . .. . .. 76

5.3 Concluding Remarks . . . . . . . ... ... oL 78

6 Additional Results 85
6.1 On Vocabulary Building . . . .. .. ... ... ... .. ... ... 85
6.1.1 Results and Discussion . . . . . . . . ... .. ... .. ... 86

6.2 Adding Dynamic Information to Bag-of-Visual-Features (BoVF)s. . . . 88
6.2.1 Experimental Results . . . . . .. ... ... ... ........ 90

6.2.2 Concluding Remarks on Capturing Dynamics into BoVFs. . . . 97

6.3 Additional Applications . . . . . . ... ... 97
6.3.1 Nude Detection . . . . . . .. .. ... ... 97

6.4 Concluding Remarks . . . . . .. ... ... .o 101

7 Conclusion 103
7.1 Future Work . . . . . . . .o 104
Bibliography 107

XXIX






Chapter 1

Introduction

This thesis addresses the problem of recognizing human actions of videos out of their
visual content. An initial study on the different approaches for this problem found
in the literature led to the choice of Bag-of-Visual-Features (BoVF) representations
for the videos, with actions being modeled and classified by Support Vector Machines
(SVM). From this basis, we implement and test an approach in which contextual
information is used to improve the classical BoVF representation. Context is inferred
from occurrences of a number of concepts throughout the video segment. Finally,
those concepts are detected by classifiers trained in auxiliary databases by the usage
of Transfer Learning (TL).

Initially, we have investigated how to deal with the dynamical information in
BoVF representations for videos (Lopes et al. [2009d] and Lopes et al. [2009¢]), using
a de facto standard action database (Gorelick et al. [2007]) and different interest point
detectors. In addition, we explored the usage of BoVF representations in other scenar-
ios, like nude detection (Lopes et al. [2009a] and Lopes et al. [2009b]) and historical
photographs classification (Batista et al. [2009b]). We also pursued a investigation
on the cost-benefit of using the k-means algorithm against a random selection of vi-
sual words and a proposed enhancement over the pure random selection (Santos et al.
[2010]).

We proceeded our investigation by addressing realistic action video databases,
like those presented in Laptev et al. [2008] and Marszalek et al. [2009], collected from
feature movies. As it will be seen in Chapter 4, contrarily to what happens in artifi-
cial, strictly controlled experiments, contextual information brings important clues for
action recognition. In the proposed solution, the contextual information is expressed
at high-level, in terms of concept occurrence probabilities, computed by BoVF-based

SVM classifiers. In that solution, we also tackle the issue of lack of annotated databases

1



2 CHAPTER 1. INTRODUCTION

for training the Machine Learning (ML) algorithms involved, by assuming that the
knowledge acquired from an external auxiliary database — for which a number of con-
cepts have already been annotated — can be used to infer the context in the target
action database. Such assumption is supported on the theory of Transfer Learning
(Section 2.4).

1.1 Motivation

In recent years, Internet users witnessed the emergence of a great amount of multimedia
content in the Web. Such kind of content is originally generated by professional or semi-
professional individuals or enterprises, in a typical broadcast scheme. However, in a
second wave, the users themselves start to create and publish their own multimedia
productions. This motion towards user-generated content was stimulated by a number
of factors, mainly the drop in cost of devices such as cameras and microphones, the
spread of high-bandwidth connections and the emergence of Web 2.0 applications,
including social networks. That new scenario led to an overwhelming increase in the
amount of multimedia content available, which brought up the limitations of traditional
Web tools in dealing with non-textual data.

One important step to make multimedia data effectively available is the high-level
(i.e., semantic) indexing of such material, aimed at meaningful, semantically oriented
retrieval. In the textual case, the words themselves convey quite directly the semantics.
However, in the case of visual information, the connection between the low-level data
in which they are encoded — ultimately, pixels — and the semantic meaning that human
beings associate to them is far from immediate. Indeed, that is an open research issue,
commonly referred to as the semantic gap (Smeulders et al. [2000]).

The current state-of-the-art approach in terms of systems for image and video
retrieval is described in Snoek and Worring [2008]!. Such systems are composed by
several individual concept detectors which are applied independently to every item in
the database. The computed probabilities of occurrence of each concept is then taken
as components of the feature vectors which will represent those media items for the
search engine.

Systems like that one just described have the advantage of enabling textual search,

as opposed to query-by-example? or query-by-sketch® approaches, which are perceived

! Although that paper is focused on video retrieval, most of its ideas can also be applied for images.

2In query-by-example systems, the users choose an image as a query and the system returns those
ones considered most similar to it.

3In query-by-sketch systems, the users draw a rough sketch of the image they want to find.
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as unnatural for users accustomed to commercial search engines.

One key issue here is which concepts should be searched for. This issue was
addressed in the Large-Scale Concept Ontology for Multimedia (LSCOM) workshop
(Kennedy and Hauptmann [2006]), which defined a lexicon containing around 1000
concepts, from which 449 have been annotated in 80 hours of video coming from TREC
Video Retrieval Evaluation (TRECVID) 2005 database (Over et al. [2005]).

Later on, experiments performed by Kennedy [2006] showed that annotations
for some concepts defined in the LSCOM varied significantly whether the annotators
watched video sequences or looked at keyframes. Those results indicate that the dy-
namic nature of video information plays an important role in the recognition of some
concepts. Also, they suggested that such dynamics cannot adequately be captured by

the direct application of techniques aimed at still images.

The 24 activity/event LSCOM concepts which had their annotations changed
after the experiments described in Kennedy [2006] are listed in Table 1.1, from which
it is possible to see that all those concepts, either directly or indirectly, are related to

actions performed by human beings.

Table 1.1. LSCOM concepts re-annotated by using video segments instead of
keyframes (Kennedy [2006]).

Airplane Crash Greeting
Airplane Flying Handshaking
Airplane Landing Helicopter Hovering
Airplane Takeoff People Crying
Car Crash People Marching
Cheering Riot
Dancing Running
Demonstration Or Protest Shooting
Election Campaign Debate Singing
Election Campaign Greeting Street Battle
Exiting Car Throwing

Fighter Combat Walking
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1.1.1 Additional Applications

Although the improvement of high-level video indexing and retrieval is a major moti-
vation for the present work, it is worth mentioning that action recognition techniques
can be used in a variety of applications.

A great amount of work has been done around the idea of building “smart” video
surveillance systems, which would be able to detect suspicious behavior automatically.
In Lavee et al. [2007], for instance, a framework to aid the search for specific events in
recorded surveillance video is proposed. In addition, recognition of people by their gait
has been studied as alternative biometrics, as in Kale et al. [2004]. A review focused
on visual surveillance systems similar to those is presented in Hu et al. [2004].

The analysis of sport videos is another widespread application. In Xie et al. [2004],
for example, the classification of video segments between play and break intervals of
soccer is suggested as a means of summarizing the video (by taking out the break
intervals). Soccer games are also analyzed by Zhu et al. [2007a], in which text and the
players’ trajectories are used to build a system aimed at helping coaches in tactical
analysis. Six actions of a cricket umpire are analyzed in Rahman and Ishikawa [2005]
while Tong et al. |2006] proposed the usage of local motion analysis to identify different
swimming styles.

Hand gestures can be analyzed both for recognizing sign language symbols — as in
Cooper and Bowden [2007] and Buehler et al. [2009] — as well as for improving Human-
Computer Interaction (HCI). For example, in the pioneer work of Bobick et al. [1999]
an action recognition system was used to build the KidsRoom, an environment which
is able to interpret and react to specific actions of a group of children in a room.

Hand gesture recognition was also used by Tan and Davis [2004] to identify seg-
ments in lecture videos that are worth transmitting in less compressed formats. The
assumption here is that specific actions can indicate the importance of each sequence.
In a similar application, Ren and Xu [2002] proposed a system called smart classroom,
where the actions performed by a teacher are recognized to allow for automatic camera
motion and virtual mouse.

A variation of the general content-based retrieval idea is what is called intelligent
fast forward as proposed by Zelnik-Manor [2006], in which the query video segment is
compared against other segments in the same video.

Action recognition is an important issue also in robotics, in which the interpreta-
tion of human actions can be used either for properly reacting to the recognized action
(i.e., control) or for learning and imitation (Kruger et al. [2007]).

Finally, in the medical area, human motion analysis can aid the identification of
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motor problems in patients by the comparison of their motion to normal patterns, like
in Branzan Albu et al. [2007], for example. Another possible medical application is
remote assistance of elderly people, as suggested in Yanik et al. [2011], in which visual

and non-visual sensors are applied to monitor those people.

1.2 Objectives

A fundamental drawback of current approaches for human action recognition in realistic
videos comes from the large intra-class variability expected in unconstrained scenarios.
This becomes a problem because the currently most successful approaches are based
on ML techniques, most of them demanding a great amount of training examples to
be able to cope with that variability. By the other side, the manual collection and
annotations of a large set of training examples from videos for a large spectrum of
actions is an expensive, error-prone and yet-to-be-done task.

In this work, we tackle this issue by proposing and testing a methodology for
action recognition aimed at realistic videos which adds contextual information to a
Bag-of-Visual-Features (BoVF) video description and circumvents the lack of large
annotated action databases by means of Transfer Learning (TL).

Before enunciating the main hypotheses of this thesis, a definition of contezt is

needed:

Context

Context in a action video or image is any information about the environment where

the action takes place.

As an analogy, if the region (i.e., the spatio-temporal volume) in which the action
occurs would be segmented from the video, the action would compare to the foreground
and the context would be compared to the background in a typical segmentation

scenario.

Given the above definition of contezt, the proposed solution relies on the following

hypotheses:

1. Contextual information (i.e., information coming from context) is relevant for

action recognition.

2. Context can be described by high-level concepts appearing in the scene.
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Transfer learning can be used to obtain accurate-enough concept detectors from

auxiliary — already annotated — databases.

Additionally, it relies on the assumption that Bag-of-Visual-Features are adequate

representations for realistic videos and images.

Those hypotheses and assumption are further detailed and justified in Chapter 4.

1.3 Contributions

The solution presented in previous section encompasses our main thesis, which was

supported by the experiments and can be summarized in two main contributions:

It is feasible to use TL techniques to detect concepts in realistic video action
databases.
By using the transferred information, it is possible to enhance action recognition

in those scenarios.
The development of the main contributions led to some derivative ones:

A study on the cost-benefit of the k-means algorithm for vocabulary building —
Santos et al. [2010].

A study on adding dynamic information to BoVFs (Lopes et al. [2009d]).

Studies on applying BoVF's to other realistic, challenging contexts, namely, nudity
detection in images — Lopes et al. [2009a] — and videos — Lopes et al. [2009b] —
in addition to historical photographs categorization — Batista et al. [2009a] and
Batista et al. [2009b].

A Code base for research with BoVE representations (Section 77).

Every one of these contributions are detailed in Chapter 5.

1.4 Thesis Organization

This text is split in two main parts: Part I presents the thesis fundamentals: firstly,

methodological foundations for the developed approach are provided in Chapter 2.

Next, a broad survey on different approaches for action recognition is presented in

Chapter 3. That survey provided an organizing framework for the main kinds of
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approaches to action recognition — Figure 3.1 — and guided the choice of an approach
based on BoVF representations and SVM classifiers as the basis for our own solution.

Part II details the implemented solution in Chapter 4. The results achieved along
the development of the thesis are then described in Chapter 5, along with citations of
the papers in which they were published®. All papers published during the course are
listed in Section 1.5.

Finally, some concluding remarks and pointers for future work are presented in
Chapter 7.

1.5 Summary of Publications

This section provides a summary of the publications generated along the development

of this thesis. Overall, they sum up to 13 published papers.

1.5.1 Publications on Human Actions

e Lopes, A. P. B., Santos, E. R. da S., do Valle Jr., E. de A., de Almeida, J. M.,
and Aratijo, A. de A. (2011). Transfer Learning for Human Action Recognition.
In Proceedings of SIBGRAPT "11.

e Santos, E. R. da S., Lopes, A. P. B., do Valle Jr., E. de A., de Almeida, J. M., and
Aratjo, A. de A. (2010). Vocabularios Visuais para Recuperacao de Informagao
Multimidia. In Proceedings of WEBMEDIA ’10.

e Lopes, A. P. B., Oliveira, R. S., de Almeida, J. M., and de Araujo, A. de A.
(2009¢). Comparing alternatives for capturing dynamic information in bag of
visual features approaches applied to human actions recognition. In Proceedings
of MMSP ’09.

e Lopes, A. P. B., Oliveira, R. S., de Almeida, J. M., and Aragjo, A. de A. (2009d).
Spatio-temporal frames in a bag-of-visual-features approach for human actions
recognition. In Proceedings of SIBGRAPIT "09.

1.5.2 Publications on Related Applications

e Lopes, A. P. B., de Avila, S. E. F., Peixoto, A. N. A., Oliveira, R. S., and Aratjo,
A. de A. (2009a). A bag-of-features approach based on hue-Scale-Invariant Fea-

4Portions of current thesis are verbatim or modified excerpts from those papers.
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ture Transform (SIFT) descriptor for nude detection. In Proceedings of EU-
SIPCO "09.

e Lopes, A. P. B., de Avila, S. E. F., Peixoto, A. N. A., Oliveira, R. S., Coelho,
M. de M., and Aratjo, A. de A. (2009b). Nude detection in video using bag-of-
visual-features. In Proceedings of SIBGRAPT "09.

e Batista, N. C., Lopes, A. P. B., and Aratjo, A. de A. (2009a). Deteccao de
edificios em fotografias historicas utilizando vocabularios visuais. In Proceedings
of CLET 09.

e Batista, N. C., Lopes, A. P. B., and Aratjo, A. de A. (2009b). Detecting buildings
in historical photographs using bag-of-keypoints. In Proceedings of SIBGRAPI
’09.

1.5.3 Publications on Other Applications

e Lopes, A., Flam, D. L., Batista, N. C., Avila, S. E. F., Almeida, J. M., and
Aratjo, A. A. (2008a). Automatic frame extraction for improving content-based
image retrieval of historical photographs. In Proceedings of WEBMEDIA ’08.

e Lopes, A., Oliveira, C., and Aradjo, A. de A. (2008b). Face recognition aid-
ing historical photographs indexing using a two-stage training scheme and an
enhanced distance measure. In Proceedings of SIBGRAPI "08.

1.5.4 Publications from Collaborations

e Oliveira, J. E. E. d., Lopes, A. P. B., Chavez, G. C., Deserno, T., and Aratjo,
A. de A. (2009a). Mammosvd: A content-based image retrieval system using a

reference database of mammographies. In Proceedings of the CBMS ’09.

e Oliveira, J. E. E. d., Lopes, A. P. B., Chavez, G. C., Deserno, T., and Arafjo, A.
de A. (2009b). Mammosys: a content-based image retrieval system using breast
density patterns. Computer Methods and Programs in Biomedicine, v. 99, p.
289-297

e Oliveira, R. S. and Ramos, T.L..A.S. and Lopes, A. P. B. and Oliveira, C. J. S.
and Aradjo, A. de A. Extensao do Algoritmo CCV Aplicado a Recuperacao de
Imagens com Base no Contetido. In: Workshop of Undergraduate Work(WUW)
- SIBGRAPI "08.
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Chapter 2

Methodological Foundations

This chapter is aimed at establishing the foundations underpinning the current thesis.
It starts by introduction of the concept of interest points in Section 2.1, which provides
some detail on those specific algorithms that are used throughout this work. A detailed
description of the building process of Bag-of-Visual-Features (BoVF) representations
for visual data is provided in Section 2.2. Section 2.3 addresses the issue of classifi-
cation with Support Vector Machines (SVM) and finally, in Section 2.5 presents some

concluding remarks on the chapter.

2.1 Interest Points

Interest points (or keypoints, or local features') are specific points (or regions) in
an image or video which present some visual characteristics considered particularly
important. Typically, algorithms of interest point detectors aim at characteristics
such as efficiency, location accuracy, distinctiveness and invariance to a number of
transformations on the images or videos.

Tuytelaars and Mikolajczyk [2008] point out the emergence of the powerful Scale-
Invariant Feature Transform (SIFT) algorithm, from Lowe [2004], as a landmark for
the recent resurgence of research based on interest points. SIF'T was first presented
in the context of finding distorted copies of identical objects in images and therefore
has a strong emphasis on invariance. Indeed, the SIFT descriptor is invariant to scale,
translation and rotation transformations, besides being robust to illumination changes

and affine transformations.

LAll those terms — interest points, keypoints and local features — are applied interchangeably by
different authors.

11
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The application of interest points to exact object recognition evolved to concept
recognition approaches, most of them based on statistical analysis of interest points
instead of exact matching of individual points. Such approaches — which, as it was seen
in Chapter 3, are mostly BoVF-like — have proved more robust to a number of image
transformations and occlusion, and thereby better suitable for image/video analysis at

a higher level.

The continuous success of approaches based on interest points — and more specifi-
cally based on BoVF representations built on them — to static concept recognition paved
the way to the application of the same ideas for action recognition. Additionally, it
gave rise to a huge number of algorithms for interest point detection and description, as
can be seen in survey papers like Tuytelaars and Mikolajczyk [2008] and comparative
evaluation papers as Mikolajczyk and Uemura [2008| (for 2D descriptors) and Wang
et al. [2009], for example.

In this section, we provide a brief presentation of the interest point detec-

tors/descriptors used throughout this work.

2.1.1 Scale-Invariant Feature Transform (SIFT)

The SIFT (Lowe [2004]) is an algorithm for interest point detection and description
which searches for points presenting invariance to scale, location and rotation, besides
robustness to affine transformations as well as illumination changes. These character-
istics turned SIFT interest points algorithm quite successful for object recognition and

make it a natural candidate for extensions to video.

The SIFT detector achieves good efficiency by computing candidate points as
the local maxima and minima in Difference of Gaussians (DoG) applied in the image
space-scale. However, only the candidate keypoints which are stable are kept. Points
with low contrast and on edges are also discarded. The scale in which the detection
is more stable is selected as the scale for each point. Rotation invariance is achieved
by computation of a canonical orientation determined by the peaks of a histogram of
gradients computed on a gaussian window around the point. Finally, the descriptor is
computed from 16 regions of 4 x 4 pixels around the point. A orientation histogram
with eight bins and weighted by a gaussian centered on the point location is built in
each region, providing a vector of 8 x 16 = 128 dimensions. SIFT algorithm is patented,

but an executable code is available for research purposes?.

2http:/ /people.cs.ubc.ca/~lowe/keypoints/
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The HueSIFT Descriptor

The HueSIFT descriptor is proposed in van de Sande et al. [2010] as a means to add
color information to the SIF'T descriptor. This is achieved simply by the concatenation
of a hue histogram to SIFT. The hue histogram employed, by its time, weights the hue
values by the saturation, to make the descriptor more robust van de Weijer et al. [2006]
apud van de Sande et al. [2010].

2.1.2 Speed-Up Robust Features (SURF)

The SURF algorithm (Herbert Baya and Gool [2008]) pursues goals similar to the SIFT
ones, but it is modified for better performance.

SURF detector search for points in which the determinant of the Hessian matrix
has maximum values. In order to enhance performance, box filters which approximate
second order Gaussian derivatives are used, since they can be computed at a low
computational cost by using the concept of integral images of Viola and Jones [2001].
Instead of gray-level gradients, SURF descriptors are based on first order Haar wavelet
responses. The concept of integral images is again applied for better performance and
a smaller region around the point is considered, providing a vector with 64 dimensions
instead of the 128 dimensions of SIF'T. As in the case of SIFT, an executable code of
the SURF algorithm is available for researchers?.

SURF authors claim that it achieves results comparable to those provided by
SIFT, but at a lower computational cost. Since the computational effort for processing
videos is always potentially huge, we decided to empirically verify whether such claims
hold in the specific setting of action recognition. The results of this comparison are

presented in Section 6.2.

2.1.3 Space-Time Interest Points (STIP)

The STIP detector proposed by Laptev [2005] is an extension to the Harris corner
detector to the 3D space. Such 3D space is composed by the spatial frames and the
time dimension, as can be seen in Figure 2.1.

The original Harris detector finds points in which the gray-level values vary sig-
nificantly in both directions (z and y) of an image. As in the case of SIF'T, these points
are obtained in the space-scale, defined by the convolution of the image with gaussian
kernels with standard deviations o,, where s represents a specific scale. The proposed

extension is aimed at finding points such as the image varies greatly both in space and

http://www.vision.ee.ethz.ch /~surf/download.html
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Figure 2.1. A video can be seen as a spatio-temporal volume composed of the
spatial dimensions coming from the frames (y and y) along with the temporal di-
mension ¢ (the image of the first frame is from the Weizmann database, presented
in Gorelick et al. [2007]).

in time. Thus, the new scale-space is obtained by the convolution of the video with an
anisotropic gaussian kernel defined not only by the variance in space (o), but also by

(an independent) variance in time (7).

The original STIP detector as proposed in Laptev [2005] performed a scale se-
lection procedure, by selecting only the points which presented both maximum values
for the corner function and extreme values for the normalized spatio-temporal Laplace
operator. Such procedure resulted in a extremely sparse set of points, which lead to
poorer recognition results than denser samplings. Hence, the STIP version used in
Laptev et al. [2008] and Marszalek et al. [2009] — the one which is publicly available —
provide a multi-scale point selection, in order to obtain a denser set of points and also to
reduce computational complexity, since the procedure for scale selection is eliminated

from the algorithm.

The available STIP code? is also able to deliver two different types of descriptors
(or both together, which is the default option): one based on Histograms of optical
Flow (HoF) and another based on Histograms of Gradients (HoG) features. Both
descriptors are computed in a 3D patch around the point, partitioned in 3 x 3 X 2
blocks. HoG histograms are composed of 4 bins, while the HoF ones are composed of
five bins. This provides a HoG descriptor with (3 x 3 x 2) x 4 = 72 components and
a HoF descriptor with (3 x 3 x 2) x 5 = 90 components, which means the complete
default STIP descriptor is composed of 72 + 90 = 162 components.

*http:/ /www.irisa.fr /vista/Equipe/People /Laptev /download.html
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2.2 Bags-of-Visual-Features

Bag-of-Visual-Features are a visual analog to the traditional Bag-of-Words (BoW) rep-
resentations for text retrieval (Baeza-Yates and Ribeiro-Neto [1999]). Figure 2.2(a)
illustrates the concept of BoW representations for textual data. The main idea is
to represent every text document as a histogram of word occurrences. This provides
a compact representation for the texts which hopefully is able to keep their overall

semantic content.
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Figure 2.2.  Schematics illustrating the relationship between: (a) repre-
senting text documents by BoWs, and (b) representing images by BoVFs.
(Sources for the pictures: http://www.flickr.com/photos/ibcbulk/2473965083/
and http://www flickr.com/photos/bbcworldservice/4403284481/ — both under
Creative Commons licences: (a) Attribution-Noncommercial-Share Alike 2.0
Generic; (b) Attribution-Noncommercial 2.0 Generic).
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Typically, the words included in the vocabulary (i.e., the bins of the histogram)
are collected from a training corpus comprised of a large number of text documents.
The simple computation of every different word form found in the training corpus typ-
ically provides a huge vocabulary size, leading to the so called curse of dimensionality.
In order to alleviate this problem, some preprocessing is performed. First, words with-
out semantic meaning like articles or prepositions (generically called stop words) are
disregarded. Another common preprocessing is to group words by their roots, and
considering each word family as a unique bin in the BoW histogram. Such grouping
means, for example, that different conjugations of a verb are considered as the same

word as well as gender and number variations for nouns.

Figure 2.2(b) illustrates the analogous idea for visual data. It is worth noticing
that the only significant change from 2.2(a) to 2.2(b) is that in (b), the words repre-
senting histogram bins are replaced by image patches. This is an important difference
between BoWs and BoVFs, because while in the textual case the definition of word is
straightforward, the definition of a wvisual word is somewhat arbitrary, typically built
from low-level data in terms of small patches. Next section provides the details of the

general algorithm to build BoVF' representations.

The general steps to define visual words and build BoVF representations for

images or videos are depicted in Figure 2.3, which is detailed below.

2.2.1 Point Selection

The processing pipeline starts by selecting a set of points from the images or videos
(step a in Figure 2.3). The simplest way to select such points is applying a 2D grid to
the images or a 3D one to the videos spatio-temporal volumes. This is denominated
dense sampling and leads to a huge computational complexity, both in space and time.
To overcome this, more typical settings apply interest point detectors for a sparser
selection of points. Nevertheless, as discussed in Dollar et al. [2005]; Niebles et al.
[2008]; Mikolajczyk and Uemura [2008], for example, the best compromise between
sparsity and informativeness is yet to be established. While in Laptev et al. [2008] the
very sparse STIP interest point detector — which is highly focused in motion areas —
is applied in a typical BoVF schema, in Mikolajezyk and Uemura [2008], for instance,
several interest point detectors are applied with the explicit purpose of gathering a
denser sample of points, carrying different kinds of meaningful information. In their
case, though, the computational complexity of such a choice is explicitly addressed by

parallel processing.
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Figure 2.3. Steps for creating a Bag of Visual Features for visual data. The
details of every step are provided in the text. Source: Lopes et al. [2009d].

d) Cluster association

2.2.2 Point Description

The step (b) in the BoVF-building pipeline is the visual description of the region around
the selected points. Again, there is a variety of alternatives for this step, going from
raw gray level values to those more sophisticated descriptors normally delivered by
interest point algorithms. Typical interest point algorithms provide both the location
of the points(detection) and at least one form of descriptors for those points, and
using both detector and descriptor delivered by the same code is a straightforward
choice. However, it is also possible to use descriptors which are distinct from those
ones delivered by the chosen interest point algorithm. In the above mentioned work
of Mikolajczyk and Uemura [2008], for instance, the same descriptor is computed from
the interest points selected by all the detectors applied, while in Marszalek et al. [2009],
2D Harris corners are described by SIFT descriptors.

Algorithms for selection and description of interest point were previously ad-

dressed in Section 2.1.
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2.2.3 Vocabulary Discovery

The potentially high number of local descriptors makes the direct representation of
visual data by them computationally unfeasible in most cases. In addition, direct com-
parison produces matchings which are too specific. Although almost exact matchings
are desirable for finding different instances of the same object, in the case of con-
cept recognition — in which the concept instances come from different objects — direct
matchings can be overly restrictive.

These issues are addressed by the quantization of the feature space. The usual
approach is to use the k-means clustering algorithm (Mitchell [1997]) to perform such
a quantization, by considering each cluster as visual word.

Nevertheless, most available descriptors are high-dimensional vectors, which can
degrade both performance and quality of clustering results. To mitigate this problem,
before clustering, the descriptors are typically submitted to some dimensionality re-
duction technique. The commonest choice for dimensionality reduction is the Principal
Component Analysis (PCA) technique (Lay [2002]). Dimensionality reduction does not
appear in Figure 2.3 because, although quite common, this is not a mandatory step to

create a BoVF representation.

2.2.4 Cluster Association

After defining the quantized vocabulary, every descriptor on the videos is associated
with one visual word (step d). This can be performed by computing their distances to
the centroids of every cluster, which are learned in the preceding step. More sophisti-
cated strategies for vocabulary learning, as that presented in Mikolajczyk and Uemura
[2008], for example, can lead to different ways for associating descriptors to specific

words.

2.2.5 Histogram Computation

The final step in BoVF computation is to count the occurrences for every visual word
in every visual item (image or video) to form the histograms which will constitute the
BoVF representation for those items (step e).

In order to deal with different number of local descriptors selected in each image
or video, some form of normalization is performed. In a classical BoW, the words are
weighted based on their relative occurrences both in the entire corpus and in every
text, since too rare or too frequent words tend to have low discriminative capability.

A classical approach for weighting words taking these facts into account is to compute
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the term-frequency inverse-document-frequency (tf-idf) for the words in each document,
instead of using a more simplistic normalized counting. Nevertheless, the experiments
reported in Yang et al. [2007] suggest that in the visual case the tf-idf representation
provides no significant improvement in image classification results. In other words,
in the BoVF case, a simple normalization achieved by the computation of relative

frequencies usually suffices.

The construction of the BoVF vectors corresponds to the representation step of
Figure 3.1. The next stage for achieving a complete action recognition approach is to
use these vectors for action modeling and classification. In this work, these too steps

are performed by Support Vector Machines, which are detailed in next section.

2.3 Support Vector Machines

The recognition of human actions as proposed in this work is actually a classification
problem, which generically can be posed as follows: given some pattern x representing
an entity in the application domain and a set of possible (categorical) classes or labels
L, find the appropriate label related to that pattern®.
This can be achieved by applying a function which maps every possible pattern
to its corresponding label:
fix—yel (2.1)

Ideally, an analytical mapping function would be derived from domain knowledge
and classification would turn into a matter of computing that function to every new
pattern which needs to be classified. When such an analytical formulation can not be
derived, one possible solution is to algorithmically try to learn the mapping function,
using as hints a number of examples or training patterns for which one already knows
the labels. In other words, looking at the training examples, the learning algorithm

formulates a hypothesis h for the mapping function:
h:x—yel (2.2)

The goal of a learning algorithm is then to minimize error, defined as a function of the

difference between the hypothesis function h and the actual mapping function f.

>The pattern terminology is applied after Scholkopf and Smola [2001], to stress the fact that there
is no assumption about these patterns other than composing a set (i.e., they do not necessarily need
to be vectors).
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Until the 90’s, the more successful algorithms for learning complex hypothesis
functions were based on Neural Networks (NN) — Scholkopf and Smola [2001]. In the
last years, though, neural networks have been gradually replaced by Support Vector
Machines (SVM) classifiers as the off-the-shelf choice for complex classification prob-
lems. That is due to a number of advantages of SVM over NN, including a stronger
theoretical foundation, the absence of false minima and a better generalization capac-
ity. Additionally, SVM proved to be able to provide successful results in a great variety

of practical applications, by the usage of appropriate kernels (see Section 2.3.2).

2.3.1 Linear Support Vectors Classifiers

Patterns are typically represented as vectors in some input space. Figure 2.4(a) illus-
trates a binary classification problem, i.e., when the label set is composed of only two
classes — represented as £ = {—1,1} — and the patterns are bi-dimensional vectors
¥ = (x1,x2), where x; and x5 are features collected from the items to be classified.
That figure shows a somewhat easy classification problem, which is said to be linearly
separable. In such cases, to learn a classifier can be regarded as a problem of learning

a decision boundary between the two classes, based on a number of training vectors.

X2 o o ° Xy

X

Figure 2.4. (a) the binary classification problem for 2D patterns; (b) several pos-
sible linear decision boundaries; (c) the linear decision boundary which maximizes
the margin A between the classes.

In Figure 2.4(b), it is possible to see that an infinite number of straight lines
— or hyperplanes, in case of input spaces with more than two dimensions — could be
used to separate the same training data. A possible choice is the hyperplane which
maximizes the distances from the closest vectors in each of its sides. The hyperplane
defined by this criterium defines the mazimum margin classifier. It is represented by
the continuous line in Figure 2.4(c).

To find such a hyperplane is an optimization problem whose formulation is given
by:
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Mazimize:
m 1 m L
W(O[Z) = ZO&Z' — § (Z ocz-ozjyiiji.mj> (23)
i=1 ij=1
Subject to:
a; >0 (2.4)
and

=1

which is the dual formulation for the hard margin classifier®. The a; values — the
lagrange multipliers — are the values to be optimized in Equation 2.3. An important
characteristic of Equation 2.3 that it is quadratic in the «; values, which means that

this is a convex optimization problem, and therefore has a unique global optimum.

The lagrange multipliers a; can be computed by any generic routine for con-
strained quadratic optimization and then applied to the decision function which defines

the class to which a testing point pertains, given by':

m

D(Z;) = sign [Z oy (.2 + )

i=1

(2.6)

It is interesting to point out that the greater the lagrange multiplier o; associated
with some training pattern Z;, the greater the influence of such pattern to the definition
of the separating hyperplane. In fact, the training patterns which have «; # 0 are the
only ones that define the margin and are called the support vectors. Since in most cases
there are only a few support vectors, the classification time is significantly reduced when

compared to NN.

Nevertheless, this also means that a “suspicious” point as the one emphasized in
Figure 2.5(b) is going to produce a very large « value, therefore forcing the hyperplane
towards a direction which can be quite different from that one which would be produced

without taking that point into account (shown in Figure 2.5(a)).

Points like those just described can be either correct — yet unusual — examples, or
outliers. In order to lessen the influence of a few noisy data, it is possible to introduce

a relaxation on the hard-margin constraints by establishing an upper bound limit on

6The derivation of this formula is outside the scope of this text, but can be found in several books,
including Scholkopf and Smola [2001].
"The value for the bias b is also defined by the «; values.
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“suspicious” point

Xy X2 X2

X4 Xq X4

Figure 2.5. Illustrating how an outlier can affect the definition of the separating
hyperplane. The hyperplane in (a) is computed without the candidate outlier
(marked as “suspicious” point), while in (b) the hyperplane computation takes
that point into account. In the soft margin classifier (c), some points are allowed
to be inside the margin or even at the wrong side of the separating hyperplane.

the «a; values:

In practice, such constraint means that some (potentially erroneous) points are
now allowed to be inside the margin, as depicted in Figure 2.5(c).

Equations 2.3, 2.5 and 2.7 provide the formulation for the soft-margin classifier,
best known as the linear Support Vector Machine. As in the hard-margin case, as
soon as Equation 2.3 — subject to the constraints expressed by Equations 2.5 and 2.7
— is solved, the decision function can be computed to provide the class label for new
patterns.

Next section describes how this formulation evolved to be able to cope with non-

linearly separable data.

2.3.2 Classifing Non-Linearly Separable Data

Figure 2.6 presents some intuition on how initially non-linearly separable data can be
made separable by the addition of more dimensions. In (a), it is not possible to draw
any straight line which separates the two classes. However, by adding a third dimension
and properly mapping the original points in it as done in (b), the classes become linearly
separable in the new 3-dimensional space. More generically, the problem of classifying
non-linearly separable data turns into a problem of finding out a function ® which
maps a pattern T from the original input space to a higher-dimensional feature space

‘H, in which, hopefully, the mapped data is separable:

O:7— P (X)eH (2.8)
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X1 X4

() (b)

Figure 2.6. The addition of a third dimension along with a proper mapping
can turn previously non-separable data (a) into linearly-separable data in the
new 3D space (b). The magenta square between the two gray ones represents
the separating plane in that new space (this picture was built based on the ideas
verbally presented in Campbell [2008]).

The issue is how to find a proper mapping function ® for every application do-
main. In most cases, an analytical formulation for this function simply cannot be
found, because the relationship between input data and the classes is too complex.
Additionally, even in cases when a suitable mapping can be found, its computation can

be unfeasible in practice.

Nevertheless, one important property of the decision function expressed in Equa-
tion 2.6 is that it depends only on the dot product #;.Z;. So, since the mapping function
¢ maps 7 to a feature space H such as the dot product @ (Z;) . (Z;) is defined, the
linear SVM can be applied in the feature space without directly computing the mapping.
Actually, the dot product can be seen simply as a similarity measure, so virtually “any”
function which is able to produce values which somehow reflect the similarity between
Z; and Z; can be used as the dot product in the feature space. Such functions, which
implicitly perform the mapping between the input space and the feature space, are the

so called kernels:
K (fi,fj) =d(Z;).P (fj) (2.9)

To be a valid kernel, a candidate function needs to map the input space into the
original patterns into a vectorial feature space in which the dot product is defined.
Such spaces H are called Hilbert spaces. Kernel functions in Hilbert spaces have the
property of satisfying the Mercer’s conditions, whose mathematical formulation can be
found in Scholkopf and Smola [2001], for example. However, Campbell [2008] point

out that the Mercer’s condition is translated into the constraint of the kernel function
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be a positive semi-definite function. In practice, such condition can be verified by the

analysis of the kernel matrix (also known as the Gram matrix), defined as:

K (#,74) K(&1,7y) - K(21,Z,)
K (79, 7)) K (fo,0) - K (Z9

g | K@) K@m) o K@) 10
K (flv‘fm) K (f2afm) K (fmwfm)

in which the 7; are the training patterns.
The kernel matrix K, is positive-definite, if it is:

a) positive in the diagonal, i.e.:

where m is the number of training samples; and
b) symmetrical, i.e.:

In other words, if the matrix K, defined by Equation 2.10 — which is built on
the actual training data — obeys the conditions expressed by Equations 2.11 and 2.12,
the kernel can be considered valid for practical purposes.

The usage of kernel functions to apply the original linear SVM classifier on non-
linearly separable data is known as the kernel trick. The kernel trick makes possible
the widespread use of SVM classifiers in a number of fields. Later on, other learning
algorithms are adapted to use the kernel trick, giving rise to an entire study field about
kernel-based learning algorithms, as can be seen in Scholkopf and Smola [2001] and

Cristianini [2004], for example.

2.3.3 Practical Considerations

The steps for using a SVM classifier can be summarized as follows:
1. Choose a suitable kernel.
2. Select error (C') and kernel parameters.
3. Train the classifier, by solving the correspondent optimization problem.
4. Use the learned decision function to classify new data.

In the next sections, some practical aspects of the above mentioned steps are considered.
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The Choice of a Suitable Kernel

The lack of a principled approach to choose an appropriate kernel function for each
domain is the main drawback of the SVM classifier. Nevertheless, good empirical
results have been achieved using the most common kernels discussed in Section 2.3.2,

namely the polynomial, the gaussian Radial-Basis Function (RBF) and the sigmoidal.
Campbell [2008| suggests that if there are few training points in a high-

dimensional space, the data is very likely to be linearly separable already, meaning
that the linear kernel should suffice (in that case, the suitability of the linear kernel
can be checked out by verifying whether the training errors are near to zero). He also

indicates the gaussian kernel as the first non-linear choice that should be considered.

Model Selection

Once a kernel has been chosen, the next step is often called the model selection, which
is in fact a parameter tuning procedure. This is typically achieved by cross-validation.
Ideally, this model selection via cross-validation should be performed on a separated
sample, the wvalidation set. This can become an important drawback for domains in

which there is a limited amount of training data.

The theoretical reasons for the need of a validation set are discussed in Scholkopf
and Smola [2001], the main one being the higher risk of overfitting. Nevertheless, they
also point out that practitioners have been using the validation set as the final training
set with excellent results. It is also common to “guess” suitable model parameters based

on clues coming from previous similar experiences.

Finally, another practical advice provided by Scholkopf and Smola [2001] is to

scale the kernels, to avoid numerical computation errors.

Training and Classification

The classifier is trained by the application of a quadratic constrained optimization
technique, along with some “tricks” to deal with a large number of training points.
After that, the classification is simply a matter of applying the learned classifier to
new test data.

In fact, a number of mature SVM implementations are available through the
internet, the LIBrary for Support Vector Machines (LIBSVM) library Chang and Lin
[2001] being amongst the most used ones. LIBSVM is described in Section 2.3.5.
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2.3.4 Kernels to Deal with Images
Multichannel Kernel

Despite of the flexibility allowed for the definition of kernel functions, it turned out
that a few kernels proposed in the literature ended up successfully applied in many
different domains. Among the most widespread kernels are the polynomial kernel, the
Radial-Basis Function (RBF) kernel — more specifically the gaussian RBF kernel —
and the sigmoidal kernel (Cristianini [2004] and Scholkopf and Smola [2001]).

The RBF kernel is generically expressed by:

where d (Z;, ;) is a metric on the input space and f is a function on Ry .

A particular and very common kind of RBF kernel is the gaussian kernel:
7. 7.2
K (Z;,%;) = exp (—M) (2.14)

in which o is the standard deviation.

In Chapelle et al. [1999] more generic version of the gaussian RBF kernel is
proposed for image classification based on color histograms. The expression for that
kernel is:

1

K (7, ;) = exp {—ZD (@,fj)} (2.15)

where D (Z;,7;) is a distance measure between Z; and 7; and A is a scaling parameter.
In Zhang et al. [2007a], the kernel in Equation 2.15 is applied to BoVF represen-
tations aimed at image classification, this time using information coming from multiple

channels:
"1
K (%;, ;) = exp [—ZZDC (:a-,fj)] (2.16)
c=1 ¢

in which n is the number of channels.
The multi-channel kernel of Equation 2.16 is used for action recognition both in
Laptev et al. [2008] and Marszalek et al. [2009]. In those cases, A. takes the value of

the average distance for every channel ® and the x? distance is applied, as follows:

1< (Zik — Tin)”
2 /5 - ik 7.k
7o) = 2 Y ik = Tak) 2.17
X ( ]) ) P’ SCM :Cng ( )

8This is a good example of what Scholkopf and Smola [2001] would call an “educated guess” (see
Section 2.3.3).
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in which d is the dimension of the input space (i.e., the number of features) and x; is

the ky, feature (component) of the vector ;.

The multi-channel kernel makes it straightforward to compare the effects of dif-
ferent channels in the well-established gaussian kernel framework. Furthermore, by
using the same kernels of Laptev et al. [2008] and Marszalek et al. [2009] we aim at

keeping our results better comparable to theirs.

Pyramid-Matching Kernel

The Pyramid-Matching kernel is proposed in Lazebnik et al. [2006] aiming at adding
some structural information to a classical BoVF. In it, the image space is split into
several levels (or resolutions), meaning that the image is split [ times in each dimension

at level [. The corresponding parts are compared by a histogram intersection:
L
I'=" " min(HL(i), H.(i)) (2.18)
i=1

Equation 2.18 shows the definition of the histogram intersection I' at a given

level 1°.
In the final kernel, each I' is weighted according to the level:
1

9QL-1

where L is the total of levels taken into account for kernel computation.

wy = (2.19)

This weighting scheme diminishes the importance of matches in larger cells, since

they have a greater probability of being matches between dissimilar features.

Putting together Equations 2.18 and 2.19 and after some algebraic manipulation,

the pyramid-matching kernel is given by:

1 0 L 1 l
k=gl +) s ! (2.20)
=1

where I' is the histogram intersection of the two images being compared.

°In this case, the histogram is the BoVF for each part of that level.
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2.3.56 The LIBrary for Support Vector Machines (LIBSVM)

LIBSVM!? Chang and Lin [2001] is a freely available library which implements both
the classical C-SVM (presented in this text) and the alternative v-SVM formulations®!.
After training, if a test data set with known labels is provided, LIBSVM outputs not

only the predicted labels, but also the classification accuracy, given by:

b tl dicted test l
accuracy — number of correctly predicted test examples < 100% (2.21)
total of examples

A number of proposals have been presented to use the binary SVM classifier
for multiclass classification (see Scholkopf and Smola [2001], chapter 7, for example).
In LIBSVM, the one-against-one approach is implemented. In other words, binary
classifiers are trained for every combination of two classes. Then, a voting based on
the results of all classifiers is used to decide the class for each test example. According
to the LIBSVM author, the choice of this approach for multi-class classification is
motivated by the experimental comparison presented in Hsu and Lin [2002].

The usage of alternative kernels in LIBSVM is straightforwardly performed by
the computation of the kernel matrix as defined in Equation 2.10, which is then passed
as an argument to the training procedure.

Another characteristic of LIBSVM which is fundamental for this work is its ca-
pability for computing the probability estimates for each possible label. There are a
number of approaches for estimating such probabilities, some of them presented in Wu

et al. [2004], which also proposes the approach actually implemented in LIBSVM.

2.4 Transfer Learning

Classical Machine Learning (ML) algorithms rely on the assumption that training and
test data come from the same probability distribution. In fact, though, it is rare a case
of practical application in which such an assumption is concretely guaranteed. Most
applications of ML randomly splits the available data between training and test sets
(or among validation, training and testing sets) and assume that future real data to
which the trained algorithm will be applied will follow the same distribution.
Nevertheless, as it is argued in Pan and Yang [2009], there are plenty of real-

world examples in which such assumption is not realistic. A typical example is the

Ohttp:/ /www.csie.ntu.edu.tw /~cjlin/libsvm /
1 The v-SVM formulation uses a different parameter v to control the fraction of training errors
and of support vectors to be used.
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classification of web pages, in which data is constantly changing, thus letting the un-
derlying trained algorithms outdated. They go on by citing sentiment classification of
products in shopping websites. Such classification is based on user review data, which
can present huge variations among different categories of products. In this case, a
sentiment classification algorithm trained on a few products will probably fail on most
other products, and even specialized classifiers will not be able to cope with the vari-
ations of perceptions of the product users along time. In some other cases, as in ours,
there is not enough available labeled data in the target database, and its acquisition is
too expensive and error-prone.

Transfer Learning techniques come up to deal with those kinds of applications,
by allowing distributions, tasks and domains of training and test data to vary. The
notation, definitions and classification of Transfer Learning (TL) algorithms of Pan
and Yang [2009] are going to be applied in most of this review of the topic.

According to them, a domain D is composed of a feature space X and a probability

distribution over that space P(X), and can be mathematically defined by:
D={X,PX)} (2.22)

A task T is defined by a label space Y and a prediction function f(.) which is the
equivalent to the conditional probability P()|X):

T ={Y.P|X)} (2.23)

The target domain D, is the domain of interest for the application, usually with
few or no labeled data at all. A source domain D; is an auxiliary source of information,
generally — but not always — with a great amount of labeled data, which hopefully can
be used to aid the ML algorithm to be adequately trained for the target task.

From those definitions, three main categories of TL algorithms can be identified:
inductive transfer learning, transductive transfer learning and unsupervised transfer

learning.

Inductive Transfer Learning

Inductive Transfer Learning (ITL) concerns those cases in which the source and target
tasks differ, no matter their domains. The most common case of ITL is when there
is a lot of labeled data in the source domain, which makes this type of I'TL similar

to multitasking learning. For example, Dai et al. [2007] proposes the TrAdaBoost
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extension of the AdaBoost algorithm to deal with new instances coming in an already
trained system, potentially provoking a continuous distribution change.

A less common case of ITL occurs when there is a related source domain, but
their instances are all unlabeled. An example of such a technique — more known as self-
taught learning — can be found in Raina et al. [2007] in which a image representation
is learned from unlabeled instances, to be applied in the target domain (whose task is

also unsupervised).

Transductive Transfer Learning

Transductive Transfer Learning (TTL) involves cases in which the tasks are the same,
but the domains vary. Looking at Equation 2.22, it is possible to see that different
domains can vary in two aspects: they can have different feature spaces (for example,
text classification for different languages) or they can share the same feature space
but have varying probability distributions (for example, text classification on different

specialized databases).

Unsupervised Transfer Learning

Unsupervised Transfer Learning (UTL) techniques are developed to the cases in which
there is no labeled data on neither source or target domains. This type of transfer was
used in our tests on vocabularies coming from the source database applied to describe

the target database items (Section 5.1).

2.4.1 Sources of Knowledge in TL

In all cases of TL, the knowledge can be extracted from the source instances, from
learned feature representations or from model parameters. In case of relational data-
sources, it is possible to occur the transfer of relational knowledge either.

This can be seen in Davis and Domingos [2009], which provides a coarser classifica-
tion between shallow transfer and deep transfer. In shallow transfer, test instances come
from the same application domain but they are known to have a different probability
distribution. In deep transfer, test instances comes from a different, mostly unrelated
domain. In their case, an algorithm called Deep Transfer via Markov Logic (DTM) is
created to transfer knowledge among classification of yeast protein genome, web pages

labeling and social network related tasks. In other words, what Davis and Domingos
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[2009] calls deep transfer is similar to transfer of relational knowledge as described by
Pan and Yang [2009].

2.5 Concluding Remarks

This chapter presented the main concepts and techniques used in this work. Section 2.1
presents the concept of interest points and briefly described the specific algorithms in-
cluded in the proposed experiments. Section 2.2 details the steps for building a classical
BoVF representation for visual data and discusses some significant issues that arise in
each one of those steps. In Section 2.3 it is pointed out that action recognition is in-
deed a classification problem and then presents the Support-Vector Machines classifier,
the current off-the-shelf classifier applied by most BoVF-based approaches for action
recognition.

Going back to Figure 3.1, interest points and BoVF-building are related to the
representation extraction step of action (or concept) recognition, while the action mod-
eling step is performed in the SVM training phase and action recognition step is equiv-
alent to the SVM classification phase.

Finally, Transfer Learning (TL) theory is described, as proposed in Pan and Yang
[2009] and Davis and Domingos [2009] and, using their concepts, our work is defined

as an application of shallow inductive transfer.






Chapter 3

State of the Art

This chapter presents a survey of human action recognition approaches based on vi-
sual data recorded from a single video camera. We propose an organizing framework
which puts in evidence the evolution of the area, with techniques moving from heavily
constrained motion capture scenarios towards more challenging, realistic, “in the wild”
videos. The proposed organization is based on the representation used as input for
the recognition task, emphasizing the hypothesis assumed and thus, the constraints
imposed on the type of video that each technique is able to address. Expliciting the
hypothesis and constraints makes the framework particularly useful for selecting a
method, given an application. Another advantage of the proposed organization is that
it allows categorizing newest approaches seamlessly with traditional ones, while pro-
viding an insightful perspective of the evolution of the action recognition task up to

now.

3.1 Related Surveys

An extensive survey on earlier studies about motion-based recognition was first pre-
sented in Cedras and Shah [1995]. For the authors of that work, the first step in
motion-based recognition is the extraction of motion information from a sequence of
images, which can be done by optical flow or motion correspondence. Motion corre-
spondence is established by tracking specific points of interest through frames, and
generating motion trajectories, which can be parameterized in several ways. Instead of
computing motion information from the entire image or from specific points, region-
based motion features can also be extracted. Explicit human body models are used to
guide the tracking step.

The survey presented in Aggarwal and Cai [1997| is devoted to human motion

33
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analysis which, for them, comprises the following overall steps: a) segmentation; b)
joint detection; and ¢) identification and recovery of 3D structures from 2D projections.
The authors characterize body structure analysis as either model-based or non-model-
based, depending on whether or not an a priori shape model is used. The a prior:
models considered can be stick figures, contours or spatio-temporal volumes. The
proposals reviewed in Aggarwal and Cai [1997] are also split into two broad categories
— more related to action modeling and recognition steps (see Figure 3.1 in Section 3.2)
— which are: space-state models, in which each static posture is considered as a state
and state transitions occur with certain probabilities; and template matching models,
where a template is computed for each action, and then a nearest-neighbor classification
scheme is applied to recognize similar actions.

While the authors in Aggarwal and Cai [1997] focus on approaches based on
models of the human body, a survey specifically focused on models for recognition of
hand gestures is presented in Pavlovic et al. [1997].

By their turn, Gavrila [1999] reviews approaches modeling either the whole body
or the hand. Selected papers are organized into three categories: 2D approaches without
explicit shape models, 2D approaches with explicit shape models and 3D approaches.
This survey also provides (in its Table 1) a comprehensive list of applications envisioned
at the time, organized into five groups: virtual reality, smart surveillance systems,
advanced user interfaces, motion analysis and model-based coding. It is worth noticing
that most of the prospective applications suggested by Gavrila [1999] still remain as
unsolved challenges.

In Shah [2003], the recognition of human action is described as comprising the fol-
lowing — more general, in comparison to Aggarwal and Cai [1997] — steps: a) extraction
of relevant visual information; b) representation of that information in a suitable form;
¢) interpretation. The specific modeling of human body or body parts is not seen by
the author as an essential step for human action recognition. In contrast, tracking and
trajectory computation are considered the primary subtasks. Therefore, this survey is
focused specifically on trajectory-based techniques.

For Wang et al. [2003], human motion analysis comprises the following steps:
a) motion segmentation; b) object classification of segmented moving regions — which
can be shape or motion-based; c) tracking of identified objects along consecutive frames;
and d) recognition of motion patterns, providing what they call behavior understanding.
As in Aggarwal and Cai [1997], action modeling approaches are distinguished between
template-based and space-states based.

The authors of Buxton [2003] present a survey from the perspective of the gen-

erative learning algorithms applied to any of the various processing steps of action
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understanding systems. In that paper, such systems are categorized generically into
explicit models and exemplar-based models.

In Wang and Singh [2003], the focus falls again onto approaches relying on human-
body or body parts. That survey is mainly motivated by biometrics applications, and
the paper is composed of two main parts: in the first, the author provides a detailed
survey on tracking techniques applied to heads, hands or the whole body. In the second,
techniques for analyzing different models for those tracked elements are reviewed.

The work of Aggarwal and Park [2004] expands and updates the earlier review
presented in Aggarwal and Cai [1997], by including not only actions, but also interac-
tions. The surveyed approaches are distinguished by the level of detail in which the
moving objects are described. Coarse level approaches are those in which people are
considered as bounding boxes or ellipses. Then, motion patterns are used to model the
actions. In approaches lying in the intermediate level of detail, people are represented
by large body parts or silhouettes. Finally, detailed models can be built on the entire
body or on specific parts, such as hands in the case of gesture recognition tasks.

Action modeling approaches are also distinguished based on two different as-
pects: the first differentiates direct recognition from reconstruction of body models
before recognition. The second aspect distinguishes approaches by their static or dy-
namic nature, if the recognition is performed on a frame-by-frame basis or taking the
entire sequence as the basic unit analysis. High-level recognition schemes — similar to
those which Wang et al. [2003] call behavior understanding — are also discussed, most
of them relying on manually constructed semantic models of the world.

In Hu et al. [2004] an extensive review on papers related to surveillance systems
is provided. The authors consider a visual surveillance system comprising of the fol-
lowing steps: a) motion detection, which includes object modeling, segmentation and
classification; b) tracking of moving objects; and ¢) behavior understanding. For some
applications, an additional step of natural language description can be added. The
ability to identify people at a distance (gait-based recognition) can also be introduced.

In another review focused on trajectory-based approaches, Chellappa et al. [2005]
define what it is called activity inference, comprised, in their view, of three steps: a)
low-level video processing; b) trajectory modeling; c) similarity computation. In this
scheme, low-level processing is aimed at computing trajectories for selected objects.
The trajectories for each action can be modeled by varied techniques and for each
model a similarity measure needs to be established.

The survey of Moeslund et al. [2006] offers an overview of human motion analy-
sis in general, with a section devoted to action recognition. They suggest that action

recognition approaches can be broadly separated between the ones that explicitly con-
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sider human presence in the scene and the ones that do not. The recognition section
of that paper is structured around three different kinds of tasks: scene interpretation,
without identifying particular objects; holistic recognition, using the human body or
body parts, to recognize both the subjects and the actions performed by them; action
primitives and “grammers”, in which motor primitives are used for representation or
control. The primitives in the latter task can be used to create an action hierarchy
that gives a semantic description of the scene. However, in most of such approaches
motion primitives are usually taken as already available.

The review of Kruger et al. [2007] is focused on robotics applications, more specif-
ically for learning and imitation. They distinguish approaches based on: scene inter-
pretation, in which the moving objects are not “identified", but have only their overall
motions analyzed; the body as a whole; body parts and grammars.

The review presented in Poppe [2007]| deals specifically with pose estimation,
assumed as a needed step for action recognition.

In the recent short review presented in Ahad et al. [2008], which is explicitly
focused on papers from 2001 to 2008, a hierarchical terminology composed of action
primitives, actions and activities is adopted. This survey categorizes different proposals
according to the ML techniques applied, regardless of the underlying representation.
In other words, it is focused on the modeling step (Figure 3.1).

The major branches presented in Turaga et al. [2008| differentiate between ap-
proaches aimed at actions and those aimed at activities recognition. In their case,
similarly to Moeslund et al. [2006], actions are defined as simple motion patterns
executed by a unique human, while activities are more complex patterns, normally
involving more than one person. The following four major steps for action recognition
are identified: a) collecting input video; b) extracting low-level features; ¢) extracting
mid-level action descriptions; and d) high-level semantic interpretations.

The low-level features considered in that survey are optical flow, point trajectories,
blobs and shapes separated from the background and filter responses. According to them,
actions can be described at mid-level by non-parametric, volumetric and parametric
models. Actions and activities can be modeled either by graphical models, syntactic
grammars-like approaches or knowledge/logic based approaches.

The work of Ren et al. [2009] reviews motion recognition approaches in the context
of Content-Based Video Retrieval (CBVR). Two major approaches are identified. In
trajectory-to-trajectory approaches, motion trajectories are extracted and compared for
recognition; the category of approaches that take into account the internal structure
of the object over time are denominated sequence-to-sequence approaches.

In Poppe [2010], only papers aimed at recognizing full body actions are taken
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into account. Image representations are separated into three large groups: global,
when a specific Region of Interest (ROI) is described globally, local, based either on
interest points and densely sampled ones, and application specific. In his view, action
classification can be performed either by direct classification, using the information
coming from all the frames in the sequence together and temporal state-space models,

in which action sequences are broken in smaller steps.

3.2 Categorizing Different Approaches for Action
Recognition

Regardless of the application envisioned, the process of recognizing human actions from

videos can be seen as comprising the three major steps, as depicted in Figure 3.1.
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Figure 3.1. Overview of the processing steps needed for action recognition in
videos: (a) representation extraction step, (b) action modeling step, and (c) action
recognition step (picture best viewed in color).

(a) Representation Extraction: this step starts with the extraction of low-level
features from the videos, like color, texture and optical flow, for example. Those
features are usually fed to a somewhat complex processing chain until a suitable
(i.e., compact and descriptive) representation is achieved. It is worth noticing that,
unlike Turaga et al. [2008], for instance, the output of this step is the final video
representation which is used as the input to the action modeling step (below),
regardless of the abstraction level. This generic definition is then applied to the

finer-grained hierarchical structure proposed later in this section.
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(b) Action Modeling: in this step, the representations built in the previous step are
mapped into different action categories. The spectrum of modeling alternatives
goes from the selection of a small number of action templates aimed at direct

comparison to sophisticated modeling schemes involving ML techniques.

(c) Action Recognition: this last step takes place when unlabeled (query) videos
are analyzed against the previously built action models, so that those videos can

be associated with one of the possible action categories (i.e., classified).

As expected, those three steps are tightly interconnected. Some representation
choices are more suitable for — or are even designed specifically to go with — certain
kinds of techniques for action modeling. In the same way, the selected action modeling
technique will determine — in some cases, in a unique way — how the classification is
going to be performed.

The structure proposed in this section for organizing different approaches for
action recognition is based on the representation step depicted in Figure 3.1. Such
choice is justified by the fact that the process of extracting a specific representation
for videos is directly related to a number of assumptions about the scene content.
Such assumptions, by their turn, impose specific constraints on the types of videos
that each recognition approach is able to cope with. Hence, an organization of differ-
ent approaches which is built based on the selected representation provides a better
ground to understand the strengths and limitations of each category of approaches,
making it easier to: a) select appropriate approaches for specific applications, and b)
distinguish which approaches are truly comparable among them. Finally, the selected
criteria based on the underlying representation allow for sensibly unraveling unrelated
approaches that end up mixed together under other categorization schemes.

Regardless of all the existing surveys discussed in Section 3.1, authors of new ap-
proaches follow no standard categorization structure while referring to previous papers
that are related to their own approaches. For instance, in Ebadollahi et al. [2006b], au-
thors propose a broad categorization between object centric and statistical approaches,
while in Laptev and Perez [2007], authors distinguish among approaches based on
3D tracking of different points of human bodies, accurate background subtraction, mo-
tion descriptors on regions of actions and learning of actions models. In Ke et al.
[2007a], human action approaches are categorized into those based on tracking, flow,
spatio-temporal shapes and interest points. In Zhao and Elgammal [2008], different
approaches are categorized as model-based, spatio-temporal template-based and bags-of-

visual-features-based. In the work of Wang et al. [2008], previous papers are coarsely
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classified according to their specific goals, distinguishing among approaches dealing
with unusual event detection, action classification and event recognition.

The categorization scheme we propose in this paper is depicted in Figure 3.2.
In a coarse level, the different approaches are split into two large groups, which are
nearly equivalent to the object centric versus statistical categorization proposed by
Ebadollahi et al. [2006b]. It can also be considered a generalization of the categorization
of Moeslund et al. [2006] into approaches that either consider the presence of humans or
not. In fact, the framework proposed in this paper is a refinement of the model-based
versus model-free categorization presented in Lopes et al. [2009b], although the terms
model-based and model-free are abandoned in order to avoid confusion between action
modeling and object modeling, the former being always present (Figure 3.1). The
proposed scheme stresses the distinction between approaches that explicitly assume the
presence of moving objects under specific conditions — like, for example, homogeneous
background — from those in which such explicit assumption is not found.

As it will be seen, there is a non-negligible correlation between the proposed
taxonomy and the temporal evolution of approaches: more recent approaches tend to
rely on less constrained assumptions and therefore, more general hypothesis.

The two initial categories are further refined into subcategories organized accord-
ing to the underlying representation. The vast majority of proposed solutions to human
action recognition to date lies in the first broad group of approaches depicted in Fig-
ure 3.2. In other words, the video representation used by them explicitly assumes that
one or more moving objects appear in the scene, typically under a number of specific
conditions, like stable backgrounds and fixed scales, for example.

The basic idea behind those approaches is that it is possible to infer the actions
being performed by studying the structure and/or the dynamics of the moving objects
in the scene (or their parts). Moving objects of interest can be the human body,
some body parts or other objects related to the application domain, like airplanes and
automobiles, for example. Unlabeled moving regions can also be considered. In order
to be able to analyze the moving objects, they need to be detected (and often, also
tracked) before any further processing. Once the object has been detected /tracked, it
can be either a) adjusted to some pre-defined model of the object, characterized by
a number of parameters (parameterized object models), or b) characterized by global
descriptors computed on their segmented area (implicit object models). Approaches
relying on the presence of specific moving objects in the scene are further discussed in
Section 3.3.

More recently, a number of approaches that do not explicitly rely on the presence

of any specific object in the scene have been proposed. They are based on global statis-
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Figure 3.2. Categorization framework used along this survey for organizing the
approaches for human action recognition found in the literature. It is based on
the underlying video representations. Image references: (a) Yilmaz and Shah
[2005], (b) Datong et al. [2008], (c) Bobick and Davis [2001], (d) Blank et al.
[2005], (e) Xie et al. [2004], (f) Shechtman and Irani [2005], (g) Dollar et al.
[2005], (h) Ebadollahi et al. [2006a], (i) Gilbert et al. [2008] (picture best viewed
in color).
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tical computations over different kinds of representations, within distinct abstraction
levels: low-level features, mid-level interest points and high-level concepts. Approaches
based on global statistics are represented by the lowest large rectangle in Figure 3.2
(which starts the branch in turquoise). As such approaches have only recently been
proposed, previous surveys, discussed in Section 3.1, do not cover them in much detail.

We provide a more comprehensive discussion of those approaches in Section 3.4.

Finally, hybrid approaches, which mix ideas from both those ones based on models

of pre-detected objects and those ones based on global statistics can also be found.

Tables 3.1, 3.2 and 3.3 summarize the approaches for action recognition discussed
throughout this chapter, pointing out the main assumptions for each category, and

citing related papers that are going to be discussed in the following sections.

Table 3.1. Summary of Action Recognition Approaches Based on Object Model
Representations (table best viewed in color).

Basic Representation — Object Models
Main Assumption: Actions can be derived from a specific model of the related objects.
[Related Papers by Subcategory (below)]

Internal Models
Global representations of objects

Parametric Models

Objects related to actions obey a
predefined model.

Internal Models

A predefined object
model must describe
objects internal
states.

Trajectories

The relevant
information is not
in the objects
internal state, but
in their positions
over time.

internal areas implicitly define the
object model.

2D Descriptors
Objects appearance
information is
enough for action
recognition OR
motion can be
aggregated in 2D
representations.

3D Descriptors

Changes in
appearance over
time are also
relevant for action
recognition.

Yilmaz and Shah
[2005], Peursum
et al. [2004],
Peursum et al.
[2005], Jiang et al.
[2006], Kosta et al.
[2006], Filipovych
and Ribeiro [2008],
Wang et al. [2009],
Dhillon et al. [2009]

Datong et al. [2008],
Abdelkader et al.
[2008], Cuntoor
et al. [2008], Hu
et al. [2008a], Hu
et al. [2008b]

Bobick and Davis
[2001], Efros et al.
[2003], Hatun and
Duygulu [2008], Hu
et al. [2009], Wong
et al. [2007],
Thurau and Hlavac
[2008]

Blank et al. [2005],
Mokhber et al.
[2008], Cuntoor

[2006], Fathi and
Mori [2008], Ke
et al. [2005], Ke
et al. [2007a],
Laptev and Perez
[2007]
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3.3 Approaches Based on Models of the Moving
Objects

In this section, approaches which do assume that specific objects are in the scene under
constrained conditions are discussed according to the structure proposed in upper part
of Figure 3.2. This category of approaches relies on models for those objects assumed to
be performing the actions, models that can be either explicit (parametric) or implicit.

As indicated in Figure 3.2, approaches based on object models are those that
appeared first in the literature, out of traditional motion capture research. Some recent
and/or classical papers of each branch are cited as needed throughout the following
text, but the list presented is not meant to be exhaustive, since those approaches are
broadly covered in previous surveys (Section 3.1). Therefore, this section is mainly
aimed at providing a high-level overview of that category of approaches, detailing it
enough to give the reader some perspective on the evolution of the area towards less

constrained techniques.

3.3.1 Using Parametric Object Models

The approaches based on parametric object models are the ones more directly related
to motion capture techniques. In such approaches, moving objects (e.g., the human
body, the hand, cars in a parking area) are assumed to follow a specific model and visual
data is matched against that model to infer its parameters. In the action modeling
step, different sets of values for the model parameters are then associated with different
actions.

Approaches based on parametric models can be split into two major subgroups:
those which parameterize the object internal structure, and those which ignore such

internal structure and instead, parameterize only objects trajectories.

Models of the Objects Internal Structure

These approaches, which are among the earliest techniques developed for action recog-
nition, are mostly derived from motion capture techniques. Thus, they start by defining
a detailed model of the internal structure of a pre-defined moving object and then ad-
justing the visual data to that model. The most commonly modeled objects are the
entire human body as well as body-parts, such as hand models aimed at gesture recog-
nition, for example. A classical example of human-body model (the so-called stick
model) can be seen in Figure 3.2(a), from Yilmaz and Shah [2005].
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Strictly speaking, a detailed explicit model would require a great amount of 3D
data, like in Yilmaz and Shah [2005], thus leading to a high computational complexity.
In addition, in most real-world scenarios, 3D data is simply not available. Hence, a
number of approaches avoid that requirement by using simplified models. In Peursum
et al. [2004, 2005|, for example, a simplified stick model is obtained from silhouettes.
Poses are modeled based on a few points from the body in Jiang et al. [2006]. In Kosta
et al. [2006] the human body is considered as a cooperative team of agents where each
team member is a limb of the body. In Filipovych and Ribeiro [2008] and Wang et al.
[2009] constellation models are employed to describe human poses. In Dhillon et al.
[2009], body parts are tracked using mixture particle filters and clustering the particles

locally.

Trajectory Models

In trajectory-based approaches, the global motion of the objects is considered the only
relevant information for action recognition. In other words, the internal state of the
moving objects is ignored and such objects are represented mainly by their position
tracked over time. Actions are then modeled by trajectories parameters, which, in turn,
can come from a number of different trajectory models. Trajectory-based approaches
are very common in surveillance scenarios — such as the one depicted in Figure 3.2(b),
from Datong et al. [2008]. A number of surveys specifically devoted to them were
already discussed in Section 3.1.

In Abdelkader et al. [2008], for example, it is argued that activities can be modeled
by any representative shape associated with the activity to be modeled, and as an
example case, the shape of the trajectories of a set of points associated with the moving
object is analyzed. Instead, a large number of proposals analyze the trajectory of a
unique point, as in Cuntoor et al. [2008|, which is aimed at identifying common office
activities by the analysis of hand trajectories. In Hu et al. [2008a] and Hu et al. [2008b],
the focus is on detection of abnormal events in crowded scenes. In such scenes, tracking
the objects of interest is particularly challenging. To overcome this, global motion
fields are analyzed in order to discover super-tracks, which are intended to capture

predominant motion patterns that are then used to model events.

3.3.2 Using Implicit Object Models

In this class of approaches, the area around the moving object — like a silhouette or a
bounding box, for example — is detected and submitted to some kind of global descrip-

tion. This line of work assumes that explicit details of the object structures are not
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necessary for action recognition. Rather, the global features of a ROI defined around
the object implicitly capture its model, at a lower cost. The lower computational effort
offered by this basic idea gave rise to a variety of similar approaches, which can be
distinguished between those using 2D templates and those exploiting spatio-temporal

3D templates.

Implicit Object Models Based on 2D Templates

A landmark paper using implicit object modeling as the basic representation is Bobick
and Davis [2001]. In this paper, two different 2D templates computed from extracted
silhouettes is proposed: (a) Motion Energy Image (MEI), which is a binary image
indicating where the motion occurred during the sequence; (b) Motion History Im-
age (MHI), which is a gray level image where brighter pixels indicate the recency of
motion (in other words, the brighter the pixel, the more recent the motion occurred
there). Both MEI and MHI images are described by seven Hu moments, which are
meant to carry a coarse shape description which is invariant to scale and translation
(Figure 3.2(c)). The MEI/MHI representation proposed by Bobick and Davis [2001]
became the basis of a great number of extensions and variations, mostly applied to
scenarios with relatively stable backgrounds (like the work of Hu et al. [2009] aimed at
surveillance applications).

Another classical approach using 2D templates as primary video representations
appears in Efros et al. [2003], which addresses the problem of recognizing human actions
from medium resolution videos. This approach relies on the detection and stabilization
of a bounding box containing the human figure. The description of such boxes is based
on the optical flow projected into motion channels, which are blurred with a gaussian
filter to reduce the sensitivity to noise which is typical of optical flow estimations. Such
motion descriptors are later used by several other authors (see Wang et al. [2007] and
Fathi and Mori [2008], for instance).

In Wong et al. [2007], the internal part of previously detected motion regions are
described by BoVF, a statistical representation based on interest points that is further
detailed in Section 3.4.2.

Along with the global spatial descriptors, the information encoded in the sequen-
tial nature of video is explicitly taken into account by some authors relying on 2D
templates. In Hatun and Duygulu [2008|, a bounding box centered at the moving
body is described based on radial HoG. Such histograms are then clustered to create
a codebook of poses, based on which each video is described by two alternative rep-

resentations, namely: bag-of-poses and sequence-of-poses. A similar approach — using
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Non-negative Matrix Factorization (NMF) to build a bag-of-poses representation — is
presented in Thurau and Hlavac [2008].

Implicit Object Models Based on Spatio-temporal 3D Templates

In this category, actions are represented as 3D volumes in space-time. Such spatio-
temporal volumes are created by aligning and stacking 2D information (e.g., silhou-
ettes, contours, bounding boxes). The exploration of space-time volumes built on
silhouettes for action recognition was first proposed in Blank et al. [2005]. In their
proposal, the properties of the Poisson equation are used to create a representation in
which the values reflect the relative position of each internal position in the volume
(Figure 3.2(d)).

The principle behind such approaches is that spatio-temporal volumes contain
both static and dynamic information and are thus better suitable as representations for
action recognition. Similarly to what happened with 2D template-based approaches,
the initial idea of Blank et al. [2005] is further explored in a number of subsequent
papers, which describe the spatio-temporal volume using different techniques. For
instance, Mokhber et al. [2008|, characterize the spatio-temporal volumes by their
3D geometric moments. In Cuntoor [2006], it is proposed an algebraic technique for
characterizing the topology of those volumes. Finally, the representation used by Fathi
and Mori [2008] can be considered an extension of the work of Efros et al. [2003] to a
3D spatio-temporal volume.

In Ke et al. [2005] and Ke et al. [2007a], the authors explore space-time volumes
at a smaller scale. Videos are over-segmented in space-time, creating micro-volumes,
which are described based on optical flow information. They are then compared against
manually segmented action templates, by a shape-matching technique adjusted to deal
with over-segmentation.

In order to distinguish between drinking and smoking actions, Laptev and Perez
[2007] use densely sampled HoG and HoF 3D descriptors computed over manually
cropped regions around people’s faces, used as input to a cascade of weak classifiers
learned by AdaBoost.

3.4 Approaches Based on Global Statistics

Approaches which rely on the detection of moving objects share the drawback of de-
pending on computer vision tasks — such as background segmentation and tracking

— which are themselves open research issues. The lack of general solutions to those
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tasks leads to an excessive number of assumptions about what is in the scene, which
ultimately makes such approaches applicable only to very constrained scenarios.

To cope with more realistic and unconstrained settings, different approaches make
no assumption on the presence of any specific object in the scene, thus making object
detection unnecessary. Instead, those approaches compute global statistics on different
data. Statistics on low-level features (such as color, texture and optical flow, for ex-
ample) can be computed either as generic descriptors or guided by specific information
about the application domain, as further discussed in Section 3.4.1. Mid-level Local
descriptors built on low-level data around selected points gave rise to an important
branch of approaches based on Bag-of-Visual-Features (BoVF), which are essentially
histograms of quantized local descriptors. BoVF-based approaches are thoroughly dis-
cussed in Section 3.4.2. Although BoVF-based approaches dominated the scenario
of statistical approaches in recent years, alternative proposals to gather information
coming from local descriptors can be found and are discussed in Section 3.4.2. A
third research line exploits the probabilities of high-level semantic concepts (e.g., sky,
airplane, people) appearing in a video to infer the action taking place in it. These

approaches are detailed in Section 3.4.3

3.4.1 Using Statistics of Low-level Features

In this category of action recognition approaches, low-level features of the video are
statistically summarized and such summary is used as the video representation. Since
the direct usage of low-level features is prone to suffer more intensely the effects of the
semantic gap, some authors use previous knowledge about the application domain to
guide the choice of features. Generic features without specific links to the application
domain have also been exploited, although such approaches tend to be focused on a

handful of constrained settings.

Low-level Statistics Guided by Domain Knowledge

A combination of low-level features and some previous domain knowledge is common in
scenarios where the possible backgrounds are limited in number and have distinct global
appearance. In professional sport videos, for instance, camera effects are commonly
related to specific events. This fact is used in Xie et al. [2004], in which dominant color
ratio and motion intensity are computed to segment soccer videos between play and
break intervals.

Another application for approaches based on low-level statistics is explored in

Papadopoulos et al. [2008], which use global motion information to identify generic,



3.4. APPROACHES BASED ON (GLOBAL STATISTICS 47

coarse-grained events in news videos, like anchor, reporting, reportage and graphics.
Many approaches based on low-level statistics appear as part of multimodal
frameworks (see, e.g., Tien et al. [2008]), in which audio-visual features are mixed
with high-level information to detect events in tennis games. The full exploration of
multimodal frameworks is outside the scope of this paper, although we point the reader

to Snoek and Worring [2005] for a related survey.

Generic Low-level Statistics

A variety of approaches for computing generic global statistics based on low-level fea-
tures, which do not rely on domain information, have been proposed in the recent
literature. In most cases, they relate to constrained applications.

In Lavee et al. [2007], a framework aimed at searching for suspicious actions
represents candidate video segments by histograms of intensity gradients both in spatial
and temporal dimensions, over four different temporal scales. In Ermis et al. [2008],
the typical dynamics of a surveilled environment is captured by statistical analysis of
a 2D field containing the maximum activity of pixels. From that field, a model for
normal behavior is produced, allowing comparisons with other videos so as to detect
abnormal activities. Surveillance scenarios are also the focus of Ma and Cisar [2009],
which propose a dynamic texture descriptor based on local binary patterns extracted
from the three orthogonal planes formed by the spatial and temporal axes. The videos
are represented by sequences of such descriptors computed over subsequent spatio-
temporal subvolumes.

In Zelnik-Manor and Trani [2001] and Zelnik-Manor [2006], a generic approach
for what is called Smart Fast-Forward (SFF) is presented. Their approach is based
on the absolute values of normalized gradients computed over all space-time points,
extracted in a temporal pyramid, to cope with different temporal scales. Points with
gradients below a threshold are ignored in order to save time, and the remaining ones
are described by the gradient components in x, y and ¢ directions, for all temporal
scales considered.

Similarly, in Shechtman and Irani [2005], underlying motion patterns are applied
to identify video segments similar to a query sequence. This is done by computing
the correlation of such motion patterns in the query video segment with a larger video
sequence. The peaks in the correlation surface correspond to similar sequences. In
this approach, the motion is estimated from the gradients inside small spatio-temporal
patches or cuboids, instead of relying on expensive flow computations.

The proposal of Shechtman and Irani [2007] computes the similarity between
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images or videos by matching local self-similarities. Those are computed at pixel level,
taking into account the similarity between a small patch around the considered pixel
and a larger region surrounding it.

Also aimed at SFF applications, Seo and Milanfar [2009] propose to recognize
actions from a unique example, by using local regression kernels based on weights
computed on the video pixels and their neighbors both in space and time.

In Li [2007], the optical flow computed for the entire video is represented by
magnitude and orientation. A histogram is built on the quantized orientation, using
only pixels for which the flow magnitude is above a certain threshold. Also, the flow
of the considered pixels is weighted by their magnitude. The normalized histograms
for the training sequences for each class are submitted to PCA for dimensionality
reduction.

In Ahammad et al. [2007], motion vectors from the compressed-domain are used
to estimate motion fields, which are then submitted to a hierarchical agglomerative
clustering algorithm, in order to create an organizing hierarchy for videos which are
presumed to be based on actions.

In contrast to the BoVF-based approaches (see Section 3.4.2 below), Wang et al.
[2007] argue that human actions should be characterized by large-scale features instead
of local patches. Therefore, the authors consider the frame as the basic unit for initial
description, which is made in terms of the motion descriptors proposed by Efros in Efros
et al. [2003]. Their “visual vocabulary” is then built on those global frame features,
whose space is quantized by the k-medoid clustering algorithm. Finally, each video
sequence is represented in terms of the frequency of such “frame-words".

In Ning et al. [2009], a hierarchical space-time model is implemented in two layers:
the bottom layer of features composed of a bank of 3D Gabor filters; the second layer
in the proposed hierarchy are histograms of Gabor orientations. This proposal is based
on that of Serre et al. [2007] for object recognition, which tries to mimic organic visual
systems, which are seen as being composed of two kinds of brain cells with different
roles in the recognition process.

Finally, in Chaudhry et al. [2009], the temporal evolution of Histograms of optical
Flow (HoF) features gathered from each frame are modeled by a non-linear dynamical

system.

3.4.2 Approaches Based on Statistics of Local Descriptors

Last section discussed the first attempts at avoiding the constraints imposed by object

models for action recognition. However, most of those approaches either rely on domain
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knowledge or are focused on constrained settings or databases, like surveillance or
Smart Fast-Forward (SFF) applications. Another drawback of those approaches is
that, being based on dense low-level features, they demand great computational effort.

To mitigate those drawbacks, approaches based on mid-level local descriptors,
mostly computed on a (potentially small) number of interest points emerged as a
promising trend for action recognition. More specifically, approaches based on his-
tograms of quantized local descriptors — known as Bag-of-Visual-Features (BoVF)! —
have shown to provide consistently good results reported by a number of indepen-
dent authors in a variety of scenarios, including datasets composed of professional and
amateur realistic videos.

Despite the success of BoVF-based approaches, there are a few other strategies
to gather information from local descriptors. These alternative strategies are gathered

in a separate category in the proposed framework.

Using Bag-of-Visual-Features (BoVF)

BoVF representations are inspired by traditional textual Information Retrieval (IR)
techniques, in which the feature vectors that represent each text document in a collec-
tion are histograms of word occurrences Baeza-Yates and Ribeiro-Neto [1999]?. Such
representation is referred to as Bag-of-Words (BoW), in order to emphasize that it is
comprised of orderless features.

A remarkable difference in the analogy between BoVFs and BoWs is the need to
define what constitutes a visual word. Such “definition” is achieved in practice by a
process called vocabulary (or codebook) learning, consisting of the quantization of the
descriptors’ feature space, typically computed by clustering. A detailed introduction
on how BoVF representations are build both for images and videos can be found in
Lopes et al. [2009¢|.

BoVF-based approaches have been first applied to object classification and have
proved very robust to background clutter, occlusion and scale changes, indicating their
potential for challenging object recognition settings (Agarwal and Awan [2004], Lazeb-
nik et al. [2006], Zhang et al. [2007b|, Jiang et al. [2007|, Wong and Cipolla [2007],
Sun et al. [2009a]). BoVF and its variations have demonstrated similar strengths when
applied to action recognition, thus becoming, by far, the most common base represen-

tation found on recent proposals.

'Due to the lack of standard terminology, those approaches have also been denominated bag of
visual words, bag of keypoints, bag of features or bag of words in the literature.

2In fact, each histogram bin reflects not a single word, but a family of words represented by their
roots.
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The relevance of BoVF-based action recognition is reinforced by the fact that
those schemes became a common testbed for several spatio-temporal points detection
and description algorithms. The work of Schindler et al. [2008], for example, compares
different alternatives for interest point detectors/descriptors applied in a classic BoVF
representation for Internet videos. Similar comparisons can also be found in Wong and
Cipolla [2007], Klaser et al. [2008], Willems et al. [2008], Kaiser and Heidemann [2008|
and Rapantzikos et al. [2009].

To the best of our knowledge, the approach proposed by Schuldt et al. [2004] is
the seminal work on BoVF techniques applied to action recognition. For the low-level
features, the spatio-temporal interest points proposed in Laptev and Lindeberg [2003]
are described by spatio-temporal jets. K-means clustering is applied to create the quan-
tized vocabulary, based on which the histogram of local features is computed. This is
also the work which introduced the Royal Institute of Technology — in Swedish (KTH)
action database, which later became a de facto standard for action recognition algo-
rithms. The work described in Schuldt et al. [2004] is extended in Laptev et al. [2007],
which proposes a mechanism for local velocity adaptation aimed at compensation of
camera motion that could affect local measurements.

The work of Dollar et al. [2005] extends previous work on object recognition based
on sparse sets of feature points. The interest points selection method applied in this
work is based on separable linear filters. Three descriptors for the cuboids delimited
around the selected points are tested: normalized pizel values, brightness gradients
and a windowed optical flow. PCA is used for dimensionality reduction of the point
descriptors and a typical BoVF signature is then built on them. The k-means clustering
algorithm is used for defining the dictionary.

Another BoVF approach is proposed by Scovanner et al. [2007], this time based
on an extension of the SIFT descriptor Lowe [1999]. The new descriptor adds temporal
information, extending the original SIFT descriptor to a 3D space. Instead of using the
SIFT detector, points are selected at random. Histograms built on a codebook created
with k-means are the initial signatures. Then, to create an enhanced representation,
a criteria based on the co-occurrence of visual words is applied to reduce the vector
dimension. In other words, those visual words which co-occur above a certain threshold
are joined.

In Ning et al. [2007] the local descriptors are based on the responses to a bank
of 3D Gabor Filters, followed by a MAX-like operation. Such features are computed
on patches delimited by a sliding window and described by histograms generated by
the quantization of the orientations in nine directions. The quantization of those

histograms into a codebook is learned from a gaussian mixture model.
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In Niebles et al. [2008], a BoVF representation based on the features proposed by
Dollar Dollar et al. [2005] is used together with generative models — unlike previously
discussed methods which are based on discriminative ones — for action recognition.
Two methods borrowed from traditional textual Information Retrieval research are
examined: probabilistic Latent Semantic Analysis (pLSA) and Latent Dirichlet Allo-
cation (LDA).

In Marszalek et al. [2009], a joint framework using BoVE's both for scene and
actions recognition is proposed. The underlying assumption is that scenes can provide
contextual information to improve the recognition of some actions classes. Initially,
movie scripts provide for automatic annotation of scenes and actions. Text mining is
then applied to discover co-occurrences between scenes and actions. Finally, separate
SVM models based on BoVFs are learned using the same approach described in Laptev
et al. [2008].

BoVF Variations

A number of variations over the typical BoVF scheme have been proposed, mostly
aimed at dealing with specific recognized limitations of pure BoVF-based approaches,
the main ones being the lack of structural information and the poor quality of the
visual vocabulary.

In Zhao and Elgammal [2008], the lack of structural information of BoVF repre-
sentations is addressed in a rather direct manner: each frame is subdivided into cells,
over which BoVF based on Dollar’s features Dollar et al. [2005] are computed. Addi-
tionally, motion features from neighbor frames are used in a weighted scheme which
takes into account the distance of the neighbor from the actual frame. A spatial-
pyramid matching, similar to the one used in Lazebnik et al. [2006], is then applied to
compute the similarity between frames. Finally, frames are classified individually, and
a voting scheme decides the final video classification.

In Laptev et al. [2008], it is proposed a BoVF representation built from the STIP
presented in Laptev and Lindeberg [2003], but without scale selection. The points are
described by Histograms of Gradients (HoG) and Histograms of optical Flow (HoF),
computed over the spatio-temporal volumes positioned around them. To add some
structural information, each video volume is subdivided by a grid, so that at recognition
time different configurations for the grids are considered, using a multi-channel SVM
classifier.

Most authors working on BoVF-based approaches for actions recognition learn the

vocabulary by using the k-means clustering preceded by a PCA-based dimensionality
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reduction. Nevertheless, some alternatives to vocabulary learning have been proposed,
either by enhancing the vocabulary delivered by k-means or by applying alternative
clustering techniques.

The work of Liu and Shah [2008] merges k-means results to produce an en-
hanced vocabulary, indicating that better vocabularies can have a significant impact
on recognition. Using features similar to those of Dollar et al. [2005], they propose
a Maximization of Mutual Information (MMI) criteria to merge the cuboid clusters
output by k-means. Those new clusters are called Video Words Clusters (VWC). Ad-
ditionally, two approaches to add structural information are explored: spatial correlo-
gram, with the distances quantized in a few levels and the Spatio-Temporal Pyramid
Matching (STPM) of Lazebnik et al. [2006].

Another example of the impact of a better vocabulary is found in Jiang and
Ngo [2009], where the authors proposed an enhanced BoVF in which the relationships
among visual words are explored. This is pursued with the aid of a visual ontology
inspired on WordNet Fellbaum [1998], a textual ontology extensively applied for text
retrieval. Their visual ontology is built by applying agglomerative clustering to the
visual words previously discovered by k-means. From that, it is possible to compute
the specificity (i.e., the depth in the ontology tree), path length (i.e., the number of links
in the path between two words) and information content (relative to the probability
of word occurrences). Those precomputed values are used in a soft-weighting scheme
aiming at better evaluating the significance of each word.

In Liu et al. [2009], a BoVF combining dynamic and static local features is pro-
posed to address action recognition in YouTube videos. Static information captured
by three different interest point detectors are described by SIFT descriptors. Motion is
collected by Dollar’s interest points Dollar et al. [2005], described by gradient vectors.
The spatio-temporal distribution of motion features is used to localize coarse ROIs,
which are used together with the PageRank algorithm, for prunning spurious features.
In addition to such motion-guided feature selection, the authors propose a procedure
to create a semantic visual vocabulary, which involves enhancing the result of k-means
by using a technique based on the KL-divergence algorithm.

In Datong et al. [2008], a modified version of k-means which takes into account
the spatial localization of the interest points is applied to form the codebook. Addi-
tionally, a 3D extension of the Harris detector alternative to that of Laptev Laptev and
Lindeberg [2003] is proposed, aimed at selecting a denser sampling. Cuboids defined
around the detected points are described in terms of shape and motion.

Finally, in Zhou et al. [2008], the visual word distribution is described by Gaussian
Mixture Models (GMM) of SIFT descriptors. These GMMs are specialized for each
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video clip, and a kernel for video comparison is built on the Kullback-Leibler divergence
(Moreno et al. [2003] apud Zhou et al. [2008]).

Alternative Strategies to Capture Information from Local Descriptors

Despite the great success of BoVF-based approaches and their variations, achieving
high recognition rates in truly realistic databases remains an open challenge. A number
of authors have been trying alternative ways to collect relevant information out of local
descriptors.

In Oikonomopoulos et al. [2005], the salient-points detected at peaks of activity
are clustered into salient regions, whose scales are correlated to the motion magnitude.
Noisy interest points are discarded, so the videos are described by remaining points
inside detected salient regions. Since such representations do not have the same dimen-
sion for all video sequences, the Chamfer distance is used as the kernel for a Relevance
Vector Machines (RVM) classification algorithm. A space-time warping adjustment
scheme is applied to deal with varied execution speeds. Some variations to this overall
scheme are presented in Oikonomopoulos et al. [2006].

In Savarese et al. [2006], it is argued that correlograms can capture the spatial
arrangement of codewords in the case of object classification. This is applied in Savarese
et al. [2008], in which an extension of the spatial correlatons (quantized in correlograms)
is proposed for action recognition. Rather than building a histogram of interest-points,
as in typical BoVF approaches, action is modeled as a collection of space-time interest
points where each interest point has a label from the vocabulary of video-words. So,
the video sequences are composed of sets of video words and their spatio-temporal
relations are described in form of spatio-temporal correlatons. Actions are modeled by
estimating — with pLSA — the codewords distribution for each particular class.

In Nowozin et al. [2007], it is observed that the lack of structural information also
means the absence of temporal sequencing. The representation proposed uses Dollar’s
features Dollar et al. [2005], but the histogram built on them is made up of temporal
bins. PrefixSpan algorithm is used for mining frequent sequences and the LPBoost
algorithm is used to identify the most discriminative ones.

In Gilbert et al. [2008], dense corner features are hierarchically grouped in space
and time to produce a compound feature set. Data mining is applied to group fea-
tures in multiple stages, from the initial low-level features until a higher level in which
the relative positions of groupings are used. As in Lopes et al. [2009¢|, 2D features
are collected from the planes defined by the coordinates (x,y) — the frames — (x,t)

and (x,t), which are, in the former case, considered as distinct channels. Motion is
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captured by dominant orientation and points are described only by their scale, corre-
sponding channel and orientation, instead of more complex descriptors like SIFT or
STIP. Transaction vectors are built based on neighbor interest points and the Apri-
ori algorithm is applied to the transactions in order to find association rules between
transactions vectors and actions.

In Ryoo and Aggarwal [2009], a matching kernel function for comparing spatio-
temporal relationships among interest points is proposed for detection and localization
of multiple actions and interactions in unsegmented videos. First, interest points are
detected and described as usual. Afterwards, pairwise relationship predicates are used
to describe the structural relations. Temporal relations are described by Allen’s tax-
onomy (equals, before, meets, overlaps, during, starts and finishes) Allen and Ferguson
[1994| apud Ryoo and Aggarwal [2009], with respect to the interval limits given by the
volume patch dimensions projected onto the temporal axis. Similar spatial predicates
are created, so that temporal and spatial 3D relationship histograms aimed at captur-
ing both appearance and point relationships in the video can be computed. Finally,
the proposed matching kernel captures the similarity between two histograms by their
intersection.

The work presented in Uemura et al. [2008] proposes a video representation in
the form of a vocabulary-tree, based on the outputs of several interest point detectors
plus a dense sampling for action recognition and localization. Motion compensation
is achieved by using previously tracked features to perform the segmentation of the
image into motion planes. Such a segmentation is performed by an initial color-based
segmentation followed by homography computation using RANSAC. The homography
is then used to correct the motion of the features inside each dominant plane.

The fact that humans can recognize actions just by observing some tracked points
has been explored in several approaches relying on trajectory models of points placed
at specific body parts. The work of Sun et al. [2009a] extends this notion into a more
generalizable approach, in which the authors propose to gather information about the
spatio-temporal context of tracked SIF'T points in a hierarchical three-level scheme. In
the first level — the point-level context — local statistics of gradients along point trajec-
tories are computed. In the second level — the intra-trajectory context — the dynamic
aspects of those trajectories in the spatio-temporal space are considered. Finally, in the
coarser level — the inter-trajectory context — the information about the spatio-temporal
co-ocurrences of trajectories distributions is collected.

In a similar vein, the tracks of a set of features — detected and tracked by the
algorithm proposed in Lucas and Kanade [1981], but with weaker constraints — is

employed by Messing et al. [2009]. Such trajectories are described by the history of
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their quantized velocities.

3.4.3 Using Concept Probabilities

Using similar ideas from CBVR systems Snoek and Worring [2008], some authors have
proposed to use higher level concepts as the building blocks of video representations

aimed at action recognition.

In Ebadollahi et al. [2006b], 39 semantic concept detectors from Large-Scale Con-
cept Ontology for Multimedia (LSCOM)-lite — SVM classifiers based on raw color and
texture features Naphade et al. [2005] — are applied to video I-frames. Then, the tra-
jectories of those concepts in the concept space are analyzed by Hidden-Markov Mod-
els (HMM), one for each concept axis. Their work reinforces the results of Kennedy
[2006], providing additional evidence that, for some concepts, the dynamic information
is essential. The authors found that dynamic information enhanced recognition results

of the following concepts: riot, exiting car and helicopter hovering.

In Haubold and Naphade [2007], Moving Picture Experts Group (MPEG) motion
vectors are summarized in a motion image which describes the global motion pattern of
a video shot. Motion images are combined with color and texture features and used as
input for several weak SVM classifiers. The output of such classifiers are fused together
to compose the video feature vector. The approach is tested on the TREC Video
Retrieval Evaluation (TRECVID)-2005 dataset, for selected dynamic concepts only,
comparing favorably with results based on motion direction histograms and motion

magnitude histograms.

In Xu and Chang [2008], 374 concepts are selected from the LSCOM ontology to
be detected by three different SVM detectors based on histograms of low-level features
(grid color moments, Gabor textures and edge direction histograms). The results
of those classifiers are fused together in order to produce scores for each concept.
Variations in the duration of action clips are dealt with by applying the Earth’s Mover
Distance (EMD) in multiple temporal scales.

A framework for event detection presented in Wang et al. [2008| starts by the
application of BoVF-based approach to detect a number of concepts. Relative motion of
keypoints between successive frames is used to aid the spatial clustering of visual words.
A visual word ontology is then built based on the output of the spatial clustering, in
order to take into account the correlation of visual words potentially related to the
same object or object parts. The final representation is a collection of BoVF's built on

those roughly segmented regions.
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3.5 Hybrid Approaches

This section is devoted to action recognition approaches that fuse information coming
from both object models and global statistical representations. From Figure 3.2, it is
possible to notice that hybrid approaches come up almost concomitantly with those
approaches based on global statistics, in an attempt to draw on the advantages of both
kinds of representations. It is worth noticing though, that from the point of view of
generalization ability, such mixed approaches are limited by the representation whose
computation imposes stronger constraints.

In Niebles and Li [2007], it is proposed a hybrid approach where constellation
models are used to add geometric information to the classical BoVF representation.
This is done by modeling actions within a two-layered hierarchical model. The higher
layer is comprised of selected body parts, which are then described as BoVFs. The
BoVF-based system proposed is based on Dollar’s features Dollar et al. [2005], together
with sampled edge points described by shape context.

The work presented in Mikolajezyk and Uemura [2008] mixes low-level, local
descriptors and shape-based representations. They build several vocabulary trees on
points selected by five different 2D point selectors. To include dynamic information,
motion maps are obtained from a Lucas-Kanade optical flow computation, and motion
is represented by velocity maps between pairs of frames. A technique for compensation
of camera motion based on a global similarity transformation is also presented and
applied. A star-shape model — aimed at coarsely capturing some structural information
of the moving object — is used to guide the process.

In Junejo et al. [2008], the concept of Self-Similarity Matrix (SSM) is introduced
to build video representations aimed at action recognition. An SSM is a table of
distances between all video frames. Although this definition can be applied for any
feature type, in Junejo et al. [2008], they are computed over trajectories of human
joints, which are fused together with those computed from HoG and HoF features. The
final descriptor is obtained by considering the SSM sequences as images and splitting
them into patches, which are described by histograms of gradient directions.

The proposal of Bregonzio et al. [2009] works on clouds of interest points collected
over different time scales. The distribution of such clouds in both space and time is
described by global features. To compose the clouds, they propose a spatio-temporal
interest point detector that collects dense samplings of interest points. In order to avoid
too many spurious point detections, the moving object is coarsely separated from the
background.

In Sun et al. [2009b], BoVFs of 2D and 3D SIFT feature descriptors, extracted on
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2D SIFT interest points, as well as Zernike moments, are applied to both frames and
MEI images. The extraction of those features are guided by frame subtraction, which
provides a coarse motion-based segmentation. Feature fusion is achieved by simple

concatenation of the resulting four descriptors.

The work of Oikonomopoulos et al. [2009] proposes another hybrid approach for
both recognition and detection of actions in unsegmented videos. Visual codebooks are
class-specific and take co-occurrences of visual words pairs into account. The positions
of these visual words in relation to the object center are used to model the actions,
which therefore implies the need for object segmentation. In addition, spatio-temporal
scale adjustments are done manually for training. Finally, a framework for voting over
time, which is based on optical flow and appearance descriptors, is proposed for action

segmentation.

3.6 Concluding Remarks

This survey attempts to summarize the efforts of the academic community at the
task of recognizing human actions from monocular videos, with emphasis on recent
approaches. It proposes a new organizing framework, based on the representations
chosen, and therefore, on their underlying assumptions. This organization allows to
categorize the newest approaches smoothly alongside the more traditional ones. It also
allows to compare and contrast different methods based on their constraints, which,
we hope, enables a principled selection of a method, given the application domain. We
observe that there is a correlation between our classification criteria and the chronology
of methods, indicating a trend toward progressively weakening the constraints imposed
on video content. Nevertheless, generalization comes at a cost, and hybrid methods

begin to attempt drawing on the advantages of both identified major lines.

Figure 3.2 together with Tables 3.1, 3.2 and 3.3 summarize the survey. As al-
ready discussed throughout the text, approaches relying on object models to describe
video content have the drawback of imposing a number of constraints on the action
scenario. Such constraints are rarely met in feature movies or user-generated videos
found in video sharing systems (e.g., YouTube), thus pushing the research in action
recognition towards more general approaches. It is important to notice, though, that
some approaches based on object models have proved successful in realistic but restrict
application domains, like surveillance and Human-Computer Interaction (HCI), for ex-
ample. In fact, provided that their constraints can be guaranteed, those approaches

should be considered as potential choices in those cases where real-time processing is
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a requirement. In particular, approaches based on implicit models built on 2D de-
scriptors — for instance, like those based on MEIs and MHIs Bobick and Davis [2001]
— tend to be quite efficient. In addition, the advances in the state-of-the-art of pre-
processing techniques like segmentation and tracking can turn some approaches based
on object models better suited for realistic environments, possibly giving rise to new
hybrid approaches.

The greater focus of the survey on BoVF-based approaches emerges naturally
from their potential on the field, making it a promising direction to pursue in the search
for effective solutions for recognizing human actions in scenarios of realistic videos. It

also reflects the focus selected for this work, which is based on BoVF representations.
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Table 3.2. Summary of Action Recognition Approaches Based on Global Statis-
tical Representations (table best viewed in color).

Basic Representation — Statistics

Main Assumption: Global statistics capture relevant information for action recognition.
[Related Papers by Subcategory (below)]

Low-level Features

Low-level features can indicate
actions being performed.

Local Descriptors
Mid-level local descriptors are
better suited to capture

Concepts
Concepts occurrences can
indicate the actions being

relevant information. performed.
Domain- . o .
Oriented Generic BoVF Other
Domain Other ways
. . Generic . than BoVF
information A histogram of
. low-level . can better
must guide the quantized local
. features are . capture
choice of descriptors can
able to capture . relevant
relevant be associated ) .
relevant . . information
low-level . . with actions.
information. from local
features. .
descriptors.
Lavee et al.
[2007], Ermis Lopes et al.
et al. [2008], [2011], Lopes
Ma and Cisar et al. [2009¢],
[2009], Schuldt et al.  Oikonomopoulos
Zelnik-Manor  [2004], Laptev et al. [2005],
and Irani et al. [2007], Oikonomopou-
[2001], Dollar et al. los et al.
Zelnik-Manor [2005], [2006],
Xie et al. [2006], Scovanner Savarese et al.
[2004], Shechtman et al. [2007], [2006],
Papadopoulos and Irani Ning et al. Noworzin et al. Ebadollahi et al. [2006b],
et al. [2008], [2005], [2007], Niebles  [2007], Gilbert  Haubold and Naphade [2007],
Tien et al. Shechtman et al. [2008], et al. [2008], Xu and Chang [2008], Wang
[2008], Snoek and Irani Marszalek Ryoo and et al. [2008]
and Worring ~ [2007], Seo and et al. [2009], Aggarwal
[2005] Milanfar Zhao and [2009], Uemura
[2009], Li Elgammal et al. [2008],
[2007], [2008], Laptev Sun et al.
Ahammad et al. [2008], [20094],
et al. [2007], Liu and Shah ~ Messing et al.
Wang et al. [2008], Datong [2009]

[2007], Ning
et al. [2009],
Chaudhry
et al. [2009]

et al. [2008],
Zhou et al.
[2008]
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Table 3.3. Summary of Hybrid Action Recognition Approaches (table best
viewed in color).

Basic Representation — Hybrid
Main Assumption: combinations of different approaches produce enhanced recognizers.
[Related Papers (below)]

Niebles and Li [2007], Mikolajczyk and Uemura [2008], Junejo et al. [2008],
Bregonzio et al. [2009], Sun et al. [2009b], Oikonomopoulos et al. [2009]
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Chapter 4

Proposed Solution

In this work, we propose the implementation and experimental validation of a new
methodology to collect and fuse contextual information with BoVF representations for
videos. As it will be detailed in Section 5, the proposed methodology provides two
main original contributions: firstly, it describes context in a higher semantic level than
previous approaches, by the application of state-of-the-art semantic video retrieval
techniques. Such goal requires the training of a number of concept detectors.

That requirement, by its turn, touches on an important drawback of supervised
ML techniques underpinning most of the work in image and video understanding:
the lack of enough labeled training samples. The solution proposed to overcome this
drawback leads to our second major contribution, which is the usage of TL theory
in order to benefit from existing clean annotations on auxiliary external databases,

independent from the target action database.

4.1 Justification

4.1.1 Contextual Information in Action Recognition

In Marszalek et al. [2009], the usage of contextual information in aiding to recognize
related actions is addressed. In that work, relevant scene types are learned from the
texts of movies scripts. Scene and human-actions are then described as BoVFs and
SVM classifiers are trained separately for both kinds of concepts. Finally, the correla-
tion between scenes and actions is explored to enhance the recognition results both for
scenes and actions. In their case, the contextual information is provided by a global
BoVF-based description of the entire scene, instead of particular objects or concepts.

In Ebadollahi et al. [2006b], the context for events selected from the LSCOM

63
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annotations is captured by the trajectories of videos in the concept space, which is
defined by a number of concepts selected from LSCOM-lite annotations (Kennedy and
Hauptmann [2006]). Concept detectors are trained on low level features like color,
texture, motion and edges, and the trajectories themselves are analyzed by HMM,
whose scores are used to form a feature vector for the final SVM classifier. As it will
be seen in Chapter 3, low-level features are not the best ones for action classification,
leading to poorer results when compared to BoVFs and other representations based on
interest points. Moreover, in Ebadollahi et al. [2006b], no direct dynamic information
is taken into account.

The work of Sun et al. [2009a| explores context at lower levels. In that work,
contextual information is encoded by different contextual descriptors computed on tra-
jectories of SIF'T points. Such descriptors are combined with different spatio-temporal
grids in a multi-channel kernel scheme similar to that applied in Laptev et al. [2008].

Interestingly enough, the comparison among several 3D point detectors and de-
scriptors performed by Wang et al. [2009] concluded that, except for the KTH database,
regularly spaced dense samplings of points perform better at action recognition than
interest points. This result reproduces similar ones obtained for scene recognition by
Fei-Fei and Perona [2005], and can be considered as additional — though more indirect
— indications of the importance of context in realistic videos, since denser samplings,
by covering larger areas, should be better able to capture contextual information. The
distinct result for KTH can be explained by the fact that it is a controlled database,
whose backgrounds are almost completely uniform. Hence, there is virtually no context
to be described in KTH.

4.1.2 Dealing with Scarce Training Data

To manually collect concept examples from realistic videos is a time-consuming and
error-prone task. This is a serious bottleneck to research related to video understand-
ing, since the large intra-class variations of such videos demand training sets large
enough to properly encompass those variations.

In the pursuit of finding a scalable way for collecting training samples for different
actions in movies, both Laptev et al. [2008] and Marszalek et al. [2009] use textual
information coming from movie scripts to automatically segment actions and scenes
samples. Their procedure is further refined in Duchenne et al. [2009], in which a
clustering algorithm similar to k-means is applied to temporal sub-windows of the
initial video clip, in order to narrow it into a more precise action location in time.

In Ulges et al. [2009], the issue of collecting a large-enough amount of training
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data for high-level video retrieval is addressed by the usage of videos collected from

Youtube! filtered by pre-defined categories and tags.

The resulting annotations achieved in those cases, though, are quite noisy. Both
the experiments reported in Laptev et al. [2008] and those reported in Ulges et al. [2009]
indicate that although the noisy training samples are still able to produce classifiers
above the chance level, their performance is significantly poorer when compared to

classifiers trained with cleanly labeled training samples.

In our proposal, the issue of lack of training samples becomes even more impor-
tant, since the framework relies on the ability to train several independent concept
detectors to describe actions context. The proposed solution to this issue makes use
of TL techniques (Pan and Yang [2009]), in which information contained in auxiliary
databases is used to overcome the lack of training samples for the main learning task.
Such an approach defies the assumption of most ML algorithms, which is that training
and test data come from the same probability distribution. However, as pointed out by
Wu et al. [2004], the usage of an external database can be seen as a trade-off between
variance and bias: the great variance typically found in small training samples is com-
pensated by the introduction of some bias due to the potentially different distribution
obeyed by the auxiliary data.

Such bias is implicitly addressed in Ullah et al. [2010], by the collection of sam-
ples visually similar to the target database on the Internet. It is worth to point out,
though, that the visual similarity is a subjective metric and does not guarantee the
same distribution between the bases. In this work, they also use static action detection
— to better specify the action position in the video — and people and object detectors
to gather information about context. Since those detectors are trained in material
collected from the Internet, as in Ulges et al. [2009], they provide noisy annotations.

Wau et al. [2004] proposed a solution to overcome the lack of training data for leaf
image classification by using as an auxiliary external database images from an herbar-
ium (the main database are images of individual fresh leaves, while in the herbarium
the leaves are dried and can be tied together in groups). They point out that auxiliary
data can be considered both in the definition of the objective function (training phase)
and in the class computation for new examples (classification phase). In both cases,
the role of the auxiliary data is weighted in relation to the main data, in order to reduce
the bias introduced by the external database.

Another example of transfer learning in Computer Vision — yet in still images — is

provided by Kumar et al. [2009], for face recognition. Kumar et al. [2009] observe that

Thttp: //www.youtube.com
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examples of generic faces traits (e.g., lips, moustache, curly hair) are easier to collect
than examples of every specific people in the database. So, instead of training a face
classifier based on face examples, they train 65 classifiers on selected traits and use
the scores provided by such classifiers to compute the feature vectors. Our approach
is in some ways similar to theirs, if one observes that instead of “face parts” we build

classifiers of “context parts” to achieve the main task at hand.

4.2 Proposed Approach

This section details the framework we propose for action recognition. Firstly, the
working hypotheses underpinning the proposed solution and their justifications are

summarized:

Hypotheses

e Contextual information is relevant for action recognition: as detailed
in Section 4.1, this hypothesis is suggested by the recent results of Ullah et al.
|2010], Marszalek et al. [2009], Sun et al. [2009a] and Ebadollahi et al. [2006D]
and indirectly by Wang et al. [2009] and Fei-Fei and Perona [2005] (this last one

in scene recognition).

e Context is best described by high-level concepts appearing in the scene:
this assumption is based both in the work of Ullah et al. [2010] — which uses con-
cept and people detectors — and Marszalek et al. [2009] — in which the correlation
between entire scenes and actions is explored. More generally, this assumption
is also supported by the broad review of Snoek and Worring [2008], in which de-
scriptors based on several concept detectors are pointed out as the state-of-the-art

solution for semantic video retrieval.

e Transfer learning can be used to obtain useful concept detectors
trained on an external auxiliary database: such hypothesis is generically
supported by the TL theory (Pan and Yang [2009]). Additionally, the approaches
presented by Ullah et al. [2010], Wu et al. [2004] and Kumar et al. [2009] indicate

the viability of applying transfer learning for Computer Vision tasks.

Finally, this entire work assumes that BoVFs are appropriate representa-
tions for realistic videos and still images: this assumption is supported by our own
survey on the field, presented in Chapter 3, and by the several results on BoVF-based

approaches summarized there.
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4.3 Transferring Concepts from Still Images to
Videos

Before presenting the proposed framework itself, some definitions are stated as follows:

Target Database: The target database is the database in which the main task
is defined. In our case, the target database is comprised of videos annotated for actions

that we want to be able to automatically recognize.

Source Database: The source (or auxiliary) database is an external database,
i.e., a database that is nor related to the target database not to the main task. It
can be comprised of images and/or videos annotated for visual concepts of interest.
In our case, we are interested in any kind of concept which could provide information
about the context in the target database. The main characteristics expected for the
source database are: a) to be composed of unconstrained images, and b) to have a
large enough number of samples for each concept in order to train reliable classifiers

for them.

Figure 4.1 illustrates the complete feature extraction process, including informa-
tion both from the source database — in our case Caltech256 concept images database
— and from the target database — action videos Hollywood2 database — until the con-
textualized representation for the video is achieved, that can be submitted to a final
SVM classifier.

The process is performed as follows: in (a), the source database is represented.
It is composed of images or videos annotated for several different concepts. To build a
SVM model for one concept, a negative sample is created by randomly choosing items
from the other concepts. That random sampling equals the number of existing positive
ones. This processes of creating negative samples is repeated m times, with the aim
at creating m different models for each single concept. The experiments that will be
described in Section 5.1 show that, at least in our experimental setup, to some transfer
to occur, m needs to be greater than one. In other words, one single SVM model per
concept is not enough to transfer information from Caltech256 to Hollywood2.

In (b) static concept models are built for each negative sample, using a pyramid
kernel with two levels (Lazebnik et al. [2006]). That kernel brings the advantage of
including some structural information to the BoVF representation.

Meanwhile, (c¢) shows that a video summary is created according to a simplified

version of the algorithm presented in de Avila et al. [2011]. Such a summary greatly
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Figure 4.1. Overview of the feature extraction process for the proposed transfer
framework. Firstly, several models are created from an auxiliary (source) database
(a—b), and applied to the target (action) database (c—d). The results of those
models are combined in several ways (e, f, g) and then used as features for the
final action classifier (h), together with the results of the baseline classifier (j).
More details will be provided in the text.

reduces the amount of redundant frames to be processed, making the overall processing
more efficient with little loss of information. As an example, most summaries for Hol-
lywood2 video fragments — which are about a few seconds long, at a 30 frames/second
rate — ended up composed of two to four distinct frames. A visual exam of the sum-
maries has shown that the frames selected by the summarization algorithm are really
distinct from each other. This means that each summary frame is indeed a source of
new information, instead of a source of redundancy.

By the other side, the usage of summary frames instead of a unique keyframe
comes from the assumption that a larger number of frames can potentially increase the
amount of information about the context for the final action classifier, and avoid some
misclassifications due to a “badly” selected keyframe. Figure 4.2 illustrates different
frames collected from a unique video segment from the Hollywood2 database (Marsza-

lek et al. [2009]) to illustrate some cases in which summary frames can potentially
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increase the probability of a correct classification.

Proceeding with Figure 4.1, in step (d), the m models created in (b) are applied
to the summary frames. This process generates then m different probabilities for each
concept (e).

At this point, an issue of how to combine these results to decide if the concept
is or not present in the frame arises. In this work, we tested three different combina-
tion strategies: majority voting, average probability and most probable result (those
strategies will be detailed in Section 4.3.1). In any case, once a combination strategy
is selected, we end up with a unique decision about that concept for the frame — step
(f).

The arrow labeled (g) indicates the repetition of the process described from (a)
to (f) for every frame in the summary. This means that each frame will have a different
probability of occurrence for the concept attached to it. Since the summaries are not
the same size (in terms of number of frames), again we need an approach to select
among those results to have a unique decision about the presence of the concept for
that entire video segment. This is a constraint imposed by SVM, which only accepts
as input feature vectors having the same size.

In that case, it is assumed that the most important information is the presence
or absence of the concept at any point in the video. Therefore, the most probable result
among the frame results is chosen as the final decision for the concept occurrence at a
video level — step (h).

The arrow in step (i) indicates the repetition of the process described from (a) to
(h) to every selected concept in the database. In other words, each video of the target
database is going to have a probability of occurrence of every selected concept of source
database. This stack composed of n concept probabilities is added to the probability
provided by the baseline action classifier in step (j), to compose the feature vector that
will represent the video for the final SVM action classifier — step (k). That baseline
probability of step (j) is computed from a classical SVM action classifier trained on
STTP-based BoVFs.

4.3.1 Strategies for Combining Classifiers

In the process depicted in Figure 4.1, step (f), it has been seen that some form of
combination strategy was needed to deal with the m results coming from the m different
models generated for each concept. Indeed, the idea of having more than one model

for each unique concept came from a set of preliminary experiments, which indicated
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Figure 4.2. Illustration of how different frames of the same action clip in Holly-
wood2 can provide more or less contextual information for the final action classi-

fier.
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that a unique classifier would not be able to successfully transfer information from the
source to the target database, at least in our setup.
Three different combination strategies were tested and compared in our experi-

ments:

Majority Voting

At its name implies, in majority voting each model result is considered as a ‘vote’ for
the presence or absence of the concept in a frame, and the result with more votes is

considered the right one.

Average Probability

In the average probability combining strategy, the decision about the presence or not
of the concept is based on the average value of the probabilities output by each SVM

model when applied to the frame.

Most Probable Result (or greatest distance form p = 0.5)

The farthest the output probability for the concept is from the middle of the prob-
abilities interval (i.e., from p = 0.5), the surest the model is about its result. That
is because a probability too close to p = 0.5 would mean a point very close to the
classifier margin and, therefore, with a high chance of being at the wrong side of the
separating hypersurface. So, in this combining strategy, the decision is based on the

model which presents the greatest value for [prob — 0.5|.

4.4 Concluding Remarks

In this chapter, a new solution to human action recognition is presented. This solution

is based on two main hypotheses of this thesis:
e High-level contextual information can increase action recognition rates.

e Contextual information can be obtained from auxiliary data sources, cleanly an-

notated, by means of Transfer Learning.

Finally, the proposed solution is depicted in Figure 4.1 and detailed in Section 4.2.
In next Chapter, the experiments performed using the depicted solution are described

and have their results discussed in the light of the thesis hypotheses.






Chapter 5

Main Results

The bibliographical review presented in Chapter 3 constituted our first contribution,
since it proposes a new framework to approaches for action recognition in videos.
Besides, we underwent some experimental explorations of BoVFE representations in
order to achieve a better foundation to the thesis itself. Such preliminary explorations
are detailed in Chapter 6. In this chapter, the main results of this work are described

and discussed in detail.

5.1 Experimental Setup

This section describes the experiments which support the main contributions of this
work, namely, showing the viability of using Transfer Learning (TL) to overcome the
lack of training data in action databases and to provide high-level contextual clues
which indeed are able to improve action recognition. Such experiments are based on
the proposed solution described in Section 4.2.

Two sets of experiments were conducted in order to evaluate our assumptions.
Table 5.1 indicates the instantiation of the methodology proposed in Section 5.1 and
illustrated in Figure 4.1. From this instantiation, the experiments were designed to

answer the following specific questions:

e Is it possible to transfer knowledge from Caltech256 to Hollywood2?

e Does detecting Caltech256 concepts on Hollywood2 frames enhance action recog-

nition?

73
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Table 5.1. Source and target databases used in the experiments

Generic Element | Instantiation

Source database | Caltech256 photos (Griffin et al. [2007]), described by Hue-
SIFT (van de Sande et al. [2008]) binary BoVFs. To introduce
some geometric information to the representation, a two-level
pyramid kernel (Lazebnik et al. [2006]) was applied. The first
experiments use rotary-phone examples only and the concepts
used in the second row of experiments are: car-tire, car-side,
rotary-phone, telephone-boz.
Target database | Hollywood2 videos Marszalek et al. [2009]), described by STIP
binary BoVFs, classified by a multilevel kernel as that of
Laptev et al. [2008]. In the first set of experiments, only
frames from AnswerPhone action (against all) were tested,
using a classifier trained on rotary-phone concept from Cal-
tech256. In the second set of experiments, all actions are
tested.

Transferring knowledge from Caltech256 to Hollywood2

Firstly, we needed to assess whether image-based classifiers would be able to identify
the same concepts in videos frames from an unrelated collection. To establish this, Cal-
tech256 rotary-phone images where used to train five (m = 5) classifiers with different
negative samples. In addition, to verify the idea of representation transfer (Section 2.4),
the visual vocabulary was randomly selected from: (a) the source-only; (b) the target
only and, (c) a mixed selection of visual words from both source and target samples.

Another evaluation was performed at a kernel level, and the following configu-
rations were tested: linear, 2, multilevel Laptev et al. [2008] and pyramidal kernel
Lazebnik et al. [2006], all using both one and two-level representations.

Such classifiers were applied in a phone baseline database built on frames of Hol-
lywood2 actions database. That baseline was built by manually collecting 90 positive
examples of images presenting phones from the summaries of the Hollywood2 action
class AnswerPhone. The same amount of negative examples were randomly chosen
among frames coming from summaries of videos of all other action classes. The sum-
marization algorithm is a simplified version of that presented in de Avila et al. [2011].
Hollywood2 original training and test sets separation — whose samples come from dif-
ferent movies — was maintained.

Our aim in that first round of experiments is to verify the viability of transfer
from Caltech256 to Hollywood2 in the concept level, showing how a transfer classifier

would compare with a classical one — the baseline. It is interesting to notice that
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this baseline provides a ceil to the transfer result (instead of a floor), given that —
from the point of view of traditional Machine Learning (ML) theory — the non-transfer
setup, with training and testing coming from the same distribution is the ¢deal one. In
other words, the transfer classifier is supposed to work, at best, slightly worse than the
baseline. Thus, the main advantage of using a transfer-based classifier is that it opens
the possibility of using any additional sources of information which would otherwise
be inaccessible to a traditional classifier. Hopefully, such additional information would

compensate the bias introduced by the extraneous source dataset.

Using Caltech256 concepts on Hollywood2 frames to enhance action

recognition

In this second round of experiments, the feature vectors extracted by the procedure
described in Figure 4.1 for every video are submitted to a new SVM classifier, this time
with a kernel based on x? distances (in practice, the same of Laptev et al. [2008], but
using a unique channel).

Similarly to the case with the concepts, not all the training set were used at
once for training the baseline. Instead, all the positive samples for each action were
taken together with a random selection of negative samples of the same size. This
more lightweight experimental setup (when compared to a typical full Hollywood2
classification setup as those in Laptev et al. [2008] and in Marszalek et al. [2009] was
chosen to speed-up the verification of our main assumption: the ability of Caltech256

concept classifiers to enhance action classification on Hollywood2.

5.2 Results and Discussion

5.2.1 Transferring from Caltech256 images to Hollywood?2

frames

In this section we show that, indeed, knowledge transfer from Caltech256 to Hollywood?2
frames is feasible within the proposed framework (Figure 4.1).

Figure 5.1(a) shows the individual results for Phone classification in Hollywood2
frames, with and without transfer. As suggested by Pan and Yang [2009], such “brute
force” transfer led to negative transfer for individual classifiers. Nevertheless, in Fig-
ure 5.1(a) the individual results for transfer settings are combined, using five replica-
tions per kernel configuration, indicating that in some cases it is possible to achieve

results above chance level, although skewed to the positive side. It is possible to observe
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also that the less skewed results tend to be provided mostly by the more sophisticated
kernels, namely those proposed in Laptev et al. [2008] and Lazebnik et al. [2006]. Fig-
ure 5.1(a) shows the same data colored by combination scheme, showing that average
and maximum distance from the mid-point probability are those responsible for the
best transfer results.

Replications of these experiments with k£ = 4000, indicated no expressive en-
hancement over £ = 400, while the results obtained with & = 100 individual tend to
present stronger fluctuations, thus becoming less reliable.

Figure 5.2 shows the F1 score between the baseline and the results with transfer
from Caltech256, using three different sources for the visual vocabulary. Each graph
illustrates a different combination scheme for the classifiers. In Figure 5.2(a) individual
classification results are combined by majority voting for each item; In Figure 5.2(b),
the probabilities of positive samples provided by the classifiers are averaged. In Fig-
ure 5.2(c) the combined classifier relies on the individual classifier whose probability is
farthest from the middle-point (p = 0.5), meaning that in this scheme the final classi-
fier uses the result of the classifier which has the greatest certainty of its response for
that item.

Dark blue bars represent the baseline results (without transfer) while the other
colors indicate different visual vocabulary sources. Each group of bars was computed
using a different kernel.

In terms of combining schemes, these graphs show that: a) majority voting seems
to be appropriate only for traditional classification setups, while being unstable in
transfer setups; b) using the average probability for decision is better for transfer
setups than to a traditional one and, c) the usage of the greater certainty classifier
seems to be the most stable between transfer and traditional setups.

In addition, these graphs reinforce that the differences among kernel configu-
rations or vocabulary sources are not statistically significant. Such insensibility to
vocabulary sources is an important result for our transfer setup, since it means that
there is no transfer of representation knowledge and positive transfer results can be ob-
tained simply by a combination of “weak” classifiers applied in a “brute-force” transfer

fashion.

5.2.2 Using transfer to improve action recognition

Based on the results of the previous experiments, it is now assumed that it is viable
to transfer at least some knowledge obtained from the source database (Caltech256)

to the frames of the target database (Hollywood2) at a per concept basis. The results
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of this new set of experiments are shown in Figure 5.3, which presents the differences
between precision values of the transfer results in relation to the no-transfer baseline
(STIP-only) showing an increase in the majority of precision values when transfer is
applied.

Table 5.2 shows the differences for the average combination scheme and their
statistical significance. From Figure 5.3 and Table 5.2 it is possible to see that there
are 4 decreases in precision only, out of 12, and 3 of them are not significant. For
the the precision increases (8 out of 12), all but FightPerson and SitUP results are
significant. In other words, 6 out of 8 increases in precision are statistically significant,
meaning that at least for half of the available actions in Hollywood2, our solution is
able to increase recognition rates.

Observing Figure 5.3 for different actions, it is possible to see that the Drive-
Car action had the largest enhancement, what should be expected, since two transfer
concepts in this experiment were related to cars (car-tire and car-side). However, un-
expected negative results come up for AnswerPhone and GetOutCar, since the transfer
concepts were semantically related to them either.

In case of AnswerPhone, the insignificant impact of the phone concept can be
explained by the fact that telephones usually appear as small objects in the scene,
therefore playing a small part in the context. In case of GetOutCar, we notice that
this action is notoriously tricky in Hollywood2, since there are scenes in which a car
not even appears in the scene, or the action is extremely occluded, as can be seen in
Figure 5.4.

The positive results of the other classes (HandShake, Kiss, Run, SitDown and
StandUp) could also be considered somewhat unexpected, given the apparent unrelat-
edness of them with the selected transfer concepts. Such results reinforces our main
thesis that general concepts can have a positive impact on the overall action recogni-
tion performance. In addition, it also reinforces our hypothesis that even apparently

unrelated concepts are able to convey indirect contextual clues to the action classifier.

Graphs in Figure 5.5 show the Receiving Operator Characteristic (ROC) points
for the class AnswerPhone (a bad result), for ten different replications (changing the
random validation set) and for the three cases of source classifier combinations (average
probability, majority voting and maximum distance from the middle-point probability).
In this particular case, transfer information seems not to have any influence on the
classifier.

Figure 5.6 shows the the ROC points for the DriveCar action, in which the gains

in precision were the largest ones.
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Table 5.2. Differences in precision values with their statistical significance at a

95% level
Action Difference | Significant?
AnswerPhone -0.0132 no
DriveCar 0.0395 YES
Eat -0.0152 YES
FightPerson 0.0060 no
GetOutCar -0.0036 no
HandShake 0.0087 YES
HugPerson -0.0009 no
Kiss 0.0181 YES
Run 0.0090 YES
SitDown 0.0283 YES
SitUp -0.0073 no
StandUp 0.0390 YES

Finally, the same graphs for GetOutCar action (Figure 5.7) show another inter-
esting effect of using transfer information, which was found in other actions either (not
shown to avoid redundancy). In this case, although the average precision gain is very
small or negative (depending on the combination scheme), it is possible to see how the

transfer-based classifiers tend to be less biased than the baseline classifier.

5.3 Concluding Remarks

The set of experiments described in this chapter was aimed at assessing the hypothesis
that Transfer Learning (TL) makes it possible to use the information contained in al-
ready cleanly annotated databases to improve action recognition results in challenging,
realistic videos. In a first step, an image-to-frame transfer evaluation was performed
using the Caltech256 as the source concept database and Hollywood2 as the action
target database, indicating that the transfer of knowledge about concepts is possible
at frame level, despite the different distributions between source and target databases.

The second round of experiments is built on the insights obtained in that first
round, we selected four concepts from the source database Caltech256 and applied
the proposed solution. The results show that most differences in action recognition
with transfer are positive and statistically significant, when a suitable combination of
classifiers trained with source examples is employed.

The most important outcome from those experiments is a clear indication that
such transfer-learning-based framework can effectively enhance action recognition rates,

thus validating our thesis.
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(a) Individual Results, showing that initially, there is negative transfer.
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Figure 5.1. Transfer of Knowledge about Phones (k=400, m=5)
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most precision values increase, no matter the classifier combination scheme
applied for the concept classifiers. Actions: AP — AnswerPhone, DC — DriveCar, E
— Eat, FP — FightPerson, GOC — GetOutCar, HS — HandShake, HP — HugPerson,
K - Kiss, R — Run, SD — SitDown, SiU - SitUp, StU — StandUp. Transfer
Concepts: car-tire, car-side, rotary-phone and telephone-box.

Figure 5.4. A sequence exemplifying a difficult example of GetOQutCar action.
Observe that the car is presented in a frontal point-of-view (instead of car-side
and the visual information related to the action of getting out of the car is very
small (magenta arrow).
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Figure 5.5. AnswerPhone transfer results (k=400, m=10), showing a case in
which transfer is not able to have an influence on classification results.



5.3. CONCLUDING REMARKS

1 T T T T T T
+
osf 4 g
noTransf. (avg) - 0.096923 2
08 I
F'n_mﬂI (avg) = 0.14245 i O‘ -
07 o
o
2 L 4 -
L] -
o 06 = P
o
= e
G 05f -
o y
£ .
2 oat -
= ol
0.3 e
" I A N Ry e Chance Level
’ 5 *  Without Transfer
T 3 O Avg. Without Transfer
0T *  With Transfer
o (o] Avg. With Transfer
a L 1 1 1 1 T T
0 0.1 02 03 04 0.5 0.6 0.7 0.8 04
False Positive Rate
(a) Majority Voting
1 T T T T ! . ' '
+
osf 5
noTransf., (avg) - 0.096923
08 e + o
F'.,.,,,,, (avg) =0.13638 2 A
07 -
. @, o
& o6 i .
o
= + i
=050 -
-1 .
g -
2 o4 o
= 2
0.3f o
oz 7 I R R | R Chance Level
: P *  Without Transfer
e + O Avg. Without Transfer
0ar *+  With Transfer
o (o] Avg. With Transfer
U L 1 1 1 1 T T
0 0.1 02 03 04 0.5 0.6 0.7 0.8 04
False Positive Rate
(b) Average Probability
1 T T T T T T T T
+
osf .
noTransf. (avg) - 0.096923 2
08 e + e
P‘ﬂm (avg) = 0.13411 2 -
07 L
O o
o .
2 " -
& ol o
o
2 w2 e
e asr Py
-1 .
£ P
2 o4t -
= -7
0.3 7
0.2 g R I O N A R i Chance Level
’ 5 *  Without Transfer
T 5 O Avg. Without Transfer
0T +  With Transfer
o O Avg. With Transfer
0 L 1 1 1 1 T T
0 0.1 0z 03 04 05 06 0.7 0.8 03

False Positive Rate

(¢) Max Distance from p=0.5.

83

Figure 5.6. DriveCar (best case) Transfer Results (k=400, m=10) show how
the information introduced by transfer move the average precision away from the
chance-level line.
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Figure 5.7. GetOutCar transfer results (k=400, m=10) is an example (among
others) in which even when transfer does not move the results away from the
chance-level line, they tend to be more unbiased with transfer.



Chapter 6

Additional Results

6.1 On Vocabulary Building

Despite the widespread usage of k-means algorithm in visual vocabulary building (see
Section 2.2), it is not clear in the literature whether this choice is worth its cost. K-
means computational complexity is considerably high, therefore imposing scalability
constraints on BoVF-based methods. Our own results, like in Lopes et al. [2009d], for
instance, indicate a random oscillation in the action recognition rates obtained with
k-means. Such results arose the supposition that a random selection of visual words
could be as good as k-means, or at least good enough with a much lower computational
cost.

With this in mind, we performed a series of experiments on Weizmann database

comparing three strategies for vocabulary building:

1. k-means (the baseline);
2. Pure Random Selection (PRS) and;

3. a random selection followed by a greedy strategy aimed at enhancing the result
of PRS, which we called Enhanced Random Selection (ERS).

Enhanced Random Selection (ERS)

The ERS strategy is based on the observation found in Jurie and Triggs [2005], that
k-means has a tendency to select too many points in feature space regions where the
distribution is denser. This can produce a vocabulary with a great amount of very

similar words. The solution proposed by Jurie and Triggs [2005], though, involves a

85
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new clustering algorithm and dense point sampling, compromising the goal of reducing
the overall computational complexity.

ERS has a random subset of points as input. In a greedy strategy, the algorithm
takes every point of that subset and eliminate from the vocabulary any other point
whose distance to the current one is below a certain threshold. This strategy leads to

a better distributed visual vocabulary, as can be seen in Figure 6.1.

. Original Points B Selected by ERS 4 Selected by k-means

Figure 6.1. Comparing vocabulary centroids selected by k-means and ERS in
a 2-dimensional feature space. The original points are produced by a summation
of two gaussian distributions with distinct parameters. It is possibl to see that
k-means selection follows the original distribution more closely, while using ERS
method, one can obtain a set of points better distributed in space.

6.1.1 Results and Discussion

The evaluation of the three proposed strategies for visual vocabulary selection was
performed on the Weizmann database, presented in Gorelick et al. [2007].

The Weizmann actions database is comprised of short video segments, contain-
ing nine different people performing ten different actions. The actions considered are

bending to the floor, jumping-jacking, jumping forward, jumping in place, running,
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walking laterally, jumping on one foot, walking, waving with one hand and with two
hands. Snapshots of the Weizmann database can be seen in Figure 6.6. This database
has been used for several authors and became a the first de facto standard for human
action recognition evaluation.

Recognition rates were obtained by SVM classifiers. A five-fold cross-validation
was applied to estimate the margin error parameter of SVM, varying its value from
107® to 10® in multiplicative steps of 10. Finally, each experiment was repeated ten
times for each algorithm and vocabulary size.

Vocabulary sizes were varied from 100 to 1500 approximately', with and without
PCA — except for PRS with y? distance, since this distance is not defined for negative
values. The idea in this case is to evaluate the impact of PCA in classification.

The graphs in Figure 6.1.1 show the mean recognition rates for all cases. In them,
it is possible to see that k-means provides recognition rates a little higher than the other
algorithms in most cases. The visual examination also shows that PCA-based solutions
(left) tend to produce slightly worse results, probably due to the fact that PCA tends
to produce a “flatter” feature space, reducing discrimination ability. Yet, linear kernel
tends to be less stable than y2. Such difference is best evidenced in Figure 6.1.1, in

which the variance of the ten runs is shown for each case.
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Figure 6.2. Recognition rates obtained by the three algorithms explored, both
with and without PCA.

Since the results without PCA present better results, they were chosen to a more

detailed analysis. Figure 6.1.1 shows the confidence intervals for the recognition rates

IThe exact vocabulary size was determined by the results of ERS.



88 CHAPTER 6. ADDITIONAL RESULTS

for a vocabulary size around 700, for different algorithms and kernels. That table shows

that, even when the confidence is relaxed to 90%, the differences are not statistically

relevant.
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and SVM using Linear Kernel and SVM using Linear Kernel
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Figure 6.3. Variances for the three algorithms explored, with and without PCA.

Such results provide two important pieces of information: firstly, contrary to the
intuition suggested by Figure 6.1 and by Jurie and Triggs [2005], a better distributed
vocabulary was not able to significantly enhance video representation over a k-means
based selection. Besides, there is no statistical difference between the recognition rates
achieved by using k-means and PRS or ERS. However, Figure 6.1.1 also indicates
that results based on k-means with y? kernel tend to be more stable, since the con-
fidence interval is shorter than all the other cases. Disregarding this downside of a
slightly increased instability in the action classifier, the overall results indicate that it
is indeed possible to circumvent k-means by a constant cost PRS selection, without
a significant loss in average classification rates. Such conclusion is similar to that of
Viitaniemi and Laaksonen [2008], for still images and we consider that the usage of

random vocabularies in the experiments described in Chapter 5 is therefore justified.

6.2 Adding Dynamic Information to BoVFs

The simplest extension of BoVF representations for videos can be done by collecting
points from every frame in the video segment under consideration and count all them to

create the corresponding histogram. The drawback of such a simplistic approach is that
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Figure 6.4. Confidence intervals for the recognition rates using k& ~ 700 and
without PCA, with 90% of confidence.

it disregards what happens along the temporal axis, where the dynamic information

actually is.

Therefore, for videos to be represented by BoVFSs, specially with the goal of
distinguishing among human actions, an important issue that arises is how to represent
dynamic information. Most existing proposals consider the video as a spatio-temporal
volume and then describe volumetric patches around 3D interest points (Dollar et al.
[2005], Scovanner et al. [2007], Liu et al. [2008b], Laptev et al. [2008] and Niebles et al.
[2008]).

However, we envisioned an alternative approach to gather both appearance and
dynamic information, which is based on 2D descriptors applied to the spatio-temporal
video planes. In other words, we propose that the BoVF representation for videos
can be built by collecting 2D interest points, given that such points are selected not
only from the traditional frames (xy planes), but also to those ones composed of one
spatial dimension and the time axis (which we call spatio-temporal frames). This idea

is illustrated in Figure 6.5.

The pure spatial planes (those in the zy direction) are the video original frames.

Stacked together, they form a spatio-temporal volume that can be spanned not only in
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Figure 6.5. Selecting and describing 2D interest points from spatio-temporal
frames.

the zy direction, but also in xt or yt directions, forming the spatio-temporal “frames " ".
In other words, the spatio-temporal frames are those planes formed by the temporal
axis and one of the spatial axis (xt and yt). The assumption behind this proposal is
that such 2D descriptors are able to capture dynamic information from videos without

the need for 3D extensions of those descriptors.

6.2.1 Experimental Results

The idea proposed above was tested in the task of human action recognition, by means
of a number of experiments performed on the Weizmann actions database (Gorelick
et al. [2007]).

Weizmann database is somewhat simplistic, presenting few variations in scale and
appearance. In other words, the main differences among actions are due to motion, so
the premise for using such a simple database is that a descriptor which better captures

dynamic information is also better suited for action recognition on it.

Figure 6.6. Snapshots of the Weizmann Gorelick et al. [2007] human actions
database.

The 2D detector/descriptors chosen are those delivered by the well-known SIFT
algorithm presented in Lowe [1999] and by a newer competitor SURF, proposed in
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Herbert Baya and Gool [2008] (see Section 2.1 for details on them).

The issue of the best combination of frames among the zy (traditional frames),
xt and yt (spatio-temporal frames), for both SURF and SIFT, is addressed in the
first set of experiments. Then, the best results from those experiments are compared
to the result achieved with the state-of-the-art 3D STIP descriptors from Laptev and
Lindeberg [2003|. In all cases, an extensive search for the best vocabulary size (the k
value of the k-means algorithm) and SVM penalty error parameter (C') is performed.

The following subsections describe the experiments performed in more detail.

Do points from spatio-temporal frames really capture video dynamics?

In this set of experiments, interest points coming from the three different sets of 2D
frames (zy, xt and yt) are tested separately and in different combinations (xy + zt,
xy + yt, vt + yt, vy + xt + yt). Both SURF and SIFT-based BoVFs are computed.

For every set of frames and interest point algorithm, the experiments are carried
out as follows: the BoVF extraction process is performed on several values for the
vocabulary size k. In case of planes combinations, the BoVFs obtained for every plane
set are concatenated to form a final BoVF. Values between 60 and 900 for the final
BoVF representation are tried, with steps of 60.

For each vocabulary size, an extensive search for the SVM penalty error C' that
would provide the higher recognition rate was done. A logarithmic scale between 10719
and 10'° with 10 as a multiplicative step was used for the C values. Every recognition
rate for every £ and C was measured on a 5-fold cross validation run. Once the best
k and coarse C' is found, a finer search of C' values is performed, around the previous
best one, this time with a multiplicative step of 1071

With the best £ and best C' at hand, ten 5-fold cross validation are run on the
database, varying the random selection for the folds. Then, the ten mean recognition
rates found at these runs are averaged to compute the confidence intervals.

Figure 6.7 shows the confidence intervals for the best recognition rates achieved
with SURF points using different combinations of sets of frames (at a 95% confidence
level). The combinations are indicated in the ordinate axis of that graph, while the
recognition rates are indicated in the abscissa axis.

From this graph, it is possible to see that just by using information from one of the
spatio-temporal frames to compute the video BoVF provides significant improvement
on the recognition rate over the BoVFE created only from points detected on the original
xy frames (£11% higher).

Also, the combination of the BoVFs coming from the xy (pure spatial) frames
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Figure 6.7. Confidence intervals for the recognition rates obtained with SURF
points gathered from different frames sets, at a confidence level of 95%.

together with one of those coming from the spatio-temporal frames (xt OR yt) performs
even better (+5% higher than the result achieved with data from spatio-temporal
frames only).

Nevertheless, combining the points from all the frames together does not pro-
vide further improvement on recognition rate, as it could be expected at a first sight.
As can be seen from Figure 6.7, the recognition rates provided by the combinations
xy+at, xy+yt, xt+yt and zy+ xt+yt have no statistically significant difference. This
result indicates that while pure spatial and the spatio-temporal frames are complemen-
tary between them, spatio-temporal frames from different directions carry redundant
information.

Figure 6.8 shows the results of the equivalent experiments with STFT descriptors.
As it can be noticed, these results are quite consistent with the SURF ones, including
the fact that the recognition rates achieved by using points from zy and yt frames
together are the best ones.

Since the Weizmann database is specifically focused on human actions, these
results provide a strong indication that 2D interest points descriptors can indeed be
used to capture dynamic information in videos, when applied to the spatio-temporal

frames.
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Figure 6.8. Confidence intervals for the recognition rates obtained with SIFT
points gathered from different frames sets, at a confidence level of 95%.

Finally, our best results — in both cases obtained by the combination of xy and yt
frames— are compared to other published results on the same database in Table 6.1. Of
course, this is quite a coarse comparison, because of the lack of a standard experimental
protocol. Anyway, assuming confidence intervals similar to our ones, some discussion
can be done on these numbers. Dollar’s features (brightness gradients on space-time
cuboids) are added with geometric information from a constellation model in Niebles
and Li [2007], and a 3D extension for SIFT is proposed in Scovanner et al. [2007]. These
proposals are the more directly comparable to ours, since they deal with the temporal
dimension with extensions of 2D descriptors, without further improvements to the
basic BoVF. In those cases, our proposal produces better or equivalent recognition
rates when SURF is applied, and much higher ones when SIFT is the choice for point
selection and description.

The recognition rates published in Niebles et al. [2008| and Liu et al. [2008b| are
considerably higher than our best SURF-based ones and statistically equivalent to our
best STFT-based result. However, it is worth mentioning that in Niebles et al. [2008],
a classifier based on pLSA is applied and in Liu et al. [2008b], Dollar’s features are
fused with features obtained from the actor’s spatio-temporal volumes built from body

silhouettes. This means that their method looses its model-free nature, since it relies on
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Table 6.1. Comparing recognition rates of BoVF-based approaches applied to
the Weizmann database. Some details of each comparing approach are provided

in the text.
Paper Rec. Rate
Niebles and Li [2007]  72.8%
Ours (SURF) 81 + 3%
Scovanner et al. [2007] 82.6%
Liu et al. [2008b] 89.3%
Niebles et al. [2008| 90%
Ours (SIFT) 91 + 3%

the existence of the human body at a certain scale and on the ability to separate body
silhouette from the background. By the other side, our plain BoVF implementation —
with SIFT as the point selector/descriptor applied both to the traditional xy frames
and to the yt spatio-temporal frames concatenated together — provides a similar average
recognition rate, even using a simple linear SVM classifier.

The results and analysis of this first set of experiments have been published in
Lopes et al. [2009d].

Comparing SURF, SIFT and STIP

The next sequence of experiments is aimed at comparing the best results of SURF and
SIFT on spatio-temporal frames with those that could be achieved with the 3D STIP
descriptor from Laptev and Lindeberg [2003].

Figure 6.9 shows the results for various vocabulary sizes. As it can be seen,
except for small values of k, the spatio-temporal SIFT (using xy and yt frames) based
approach is consistently better than the other two, and the spatio-temporal SURF is
consistently the worst among the three alternatives.

The superiority of SIFT over SURF is probably due to the fact that STFT selects
more points than SURF, providing a denser sampling than SURF. However the most
important conclusion derived from such results is that they contradict the claims of
SURF authors for the equivalence of SURF and SIF'T, which does not hold, at least in
this scenario.

From Figure 6.9 is also possible to see that the best results with the STIP-

based BoVF is achieved at a vocabulary size of 540 words, while the best result using
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Recognition Rates for Different Vocabulary Sizes
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Figure 6.9. Comparing results for spatio-temporal SURF, spatio-temporal SIF'T
and STIP at various vocabulary sizes.

the spatio-temporal SIFT was around 480 words. The exact recognition rates — at
a confidence level of 95% — are 88.54+4% and 90.7+£5% — thus showing no statistical
difference.

Taking a closer look at Figure 6.9, though, it is possible to see another similar
peak for the spatio-temporal STFT results, at a much smaller vocabulary size of 180.

Figure 6.10 includes the results for both peaks, showing that there is no statistical
difference among STIP and spatio-temporal STF'T with both vocabulary sizes. In other
words, SIFT can provide virtually the same recognition rates as STIP with a third of
the vocabulary size. At first sight, this result suggests some advantage for the spatio-
temporal SIFT, but such an assumption requires further examination.

A more detailed comparison between SIF'T and STIP is pursued by computing
some metrics related to computational complexity, which are shown in Table 6.2. As
it can be seen, the STIP algorithm is much faster than SIFT and generates much less

interest points also. This yields a considerably lower histogram computation time also
for STIP2.

2There are differences in PCA reduction and clustering times also, but since they are at least two
orders of magnitude lower, they were disregarded in this analysis. The same for the SVM training
and classification times.
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Figure 6.10. Comparing the best achieved results for each descriptor type,
including both similar peaks found for SIFT.

In other words, although it is indeed possible to achieve a state-of-the art recog-
nition rate on this database with a BoVF based on the SIFT descriptors applied to
spatio-temporal frames, this result is achieved at a much higher complexity in time
than with STIP. In addition, the apparent advantage of a smaller final BoVFEF rep-
resentation in favor of spatio-temporal SIFT is somewhat unstable — can be seen in

Figure 6.9 — and also very specific to this experimental setting.

Table 6.2. Comparison between spatio-temporal SIFT and STIP.

ST-SIFT STIP
Selection-+Description Time 1327s 582s

Number of Points 204766 10886

Histogram Computation 1395s 113s

The complete set of comparisons (SIFT x SURF x STIP), together with the

complimentary complexity analysis are published in Lopes et al. [2009¢].
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6.2.2 Concluding Remarks on Capturing Dynamics into BoVFs

The experimental results described in this section indicated that in terms of collecting
dynamic information, STIP points present superior computational complexity than
SIFT and SURF applied to spatio-temporal frames, although SIFT is able to achieve
similar recognition rates.

It is worth pointing out, though, that while STIP is very focused in detecting sud-
den motion changes, SIF'T is primarily designed to capture appearance. The Weizmann
database presents few variations in appearance, and yet, SIF'T was able to capture dy-
namics at the same level as STIP, when applied to spatio-temporal frames. So, it seems
quite reasonable to investigate how they compare in a more realistic setting, in which

appearance variations are also important.

6.3 Additional Applications

The development of a generic implementation for computing BoVF descriptors allowed
for applications in two different scenarios, namely, nude detection — both in still images
and videos — and detection of buildings in historical photographs. The work derived

from those applications is summarized in the two next subsections.

6.3.1 Nude Detection

The ability to filter improper images by visual content instead of text has been the
focus of several papers in the last years. Most of them start by detecting skin regions,
and then applying some kind of shape or geometric analysis to recognize possible body
postures which would be indicative of nudity or pornography.

In the pioneer work of Fleck et al. [1996], color and texture properties are com-
bined to obtain a mask for skin regions, which are then grouped to match a human
figure using geometric constraints derived from the human body structure. More recent
examples of approaches combining skin detectors with geometrical or shape features
are Zeng et al. [2004], Xu et al. [2005], Lee et al. [2006], Zhu et al. [2007b| and Liu
et al. [2008a).

Some attempts at avoiding the need for a fine-tuned skin detection originated
approaches based on generic color features, like in Yoo [2004], Belem et al. [2005] and
Shih et al. [2007], for example. Visual features can also be combined with other feature
types, as in the framework for recognizing pornographic web pages presented in Hu

et al. [2007], in which text and image are both analyzed. In another multi-modal
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approach, Zuo et al. [2008] propose a framework for recognizing pornographic movies
by fusing the audio and video information.

The main problems with those proposals are the complexity of accurate skin
detectors and the great variability in shapes and geometry of such images. Moreover,
approaches based on skin detection are bound to fail when applied to monochromatic
images.

In this work, we propose a BoVF-based approach using a variation of STFT de-
scriptor which includes color information called Hue-SIFT, described in van de Sande
et al. [2008|. To the best of our knowledge, to the date we submitted the related papers,
Deselaers et al. [2008] is the only work proposing a method also based on BoVFs to
classify images into different categories of pornographic content. In their case, however,
the features used to learn the vocabulary are the color values of patches around DoG

interest points.

Nude Detection in Still Images

To compose a database for the evaluation of the proposed approach, a set of 180 images
was collected from the web, and then manually classified. Examples of selected images
are shown in Figure 6.11. In our experiments, SIFT and Hue-SIF'T descriptors are
extracted from all images, and then the vocabulary size and SVM model are extensively
searched for, using a 5-fold cross validation scheme. For the vocabulary size (k), the
experiments spawned values between 50 and 700. For each k value, the penalty of the
SVM error term (C) is varied in a logarithmic scale from 107° to 10°%. This procedure
is repeated for STF'T and Hue-SIF'T separately.

Figure 6.11. Some examples of nude and non-nude images collected for our
evaluation database.

3The k and C values which achieved the best recognition rate were submitted to a finer search for
C, but this procedure provided no significant enhancements
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In order to evaluate the statistical significance of the differences found between
the best recognition rates for SIFT and Hue-SIFT, ten new runs of the 5-fold cross
validation are performed with fixed k£ and C. Folds composition changed randomly
in each run, keeping the balance between nude and non-nude training examples. The
average rates of each cross-validation run are used to compute confidence intervals for
both results.

In Figure 6.12, the best recognition rates for all tested values of k£ are plotted
both for Hue-SIFT and SIFT (the best recognition rate is the higher value achieved
while varying penalty error term of the SVM model — the C' parameter). It can be
seen that SIF'T recognition rates are consistently smaller for all tested vocabulary sizes,
indicating the paramount importance of color information for nudity detection, which

is in accordance with the basic implicit assumption of most skin-based proposals. The
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Figure 6.12. Comparing results based on SIFT and Hue-SIFT.

models which provided the peaks of the graph in Figure 6.12 — two for Hue-SIFT
(at k£ = 250 and k& = 550) and one for SIFT (at £ = 100) — are used in the final
experiment, which consists of ten runs of five-fold cross validations, randomly varying
the folds composition. In Table 6.3, it is possible to see the final averages and their

confidence intervals.

Unfortunately, the lack of standard annotated databases for nude or pornographic
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Best Recognition Rates
Descriptor Average (%) Min. (%) Max. (%)

SIET 64.8 61.7 68.0
Hue-SIFT 84.6 82.8 86.5

Table 6.3. Best recognition rates with Hue-SIFT and SIFT descriptors (confi-
dence intervals — given by “Min.” and “Max.” values — have a confidence level of

95%).

images makes it difficult to compare results obtained by different approaches. Never-
theless, it is worth to mention that in a coarse comparison, our approach achieved an
overall recognition rate very similar to those ones reported in recent literature. This
was achieved without the usage of any skin and/or shape models and with the simplest
possible SVM classifier. This result suggests that BoVF-based approaches are indeed
a promising path to follow in the pursuit of effective filters for improper visual content.

The results described in this section were reported in Lopes et al. [2009a].

Nude Detection in Videos

The HueSIFT-based BoVF detailed above is used together with a voting scheme to
identify nudity in video segments. The proposed voting scheme takes advantage of
the existence of several similar frames in the video segments, as follows: firstly, the
video segments are separated into frames, and some of them are selected according to
a previously chosen sampling rate. The BoVFs for the selected frames are computed
and then each frame is classified between nude and non-nude. For each video segment,
every frame classification is counted as wotes for that class, and the class receiving
the higher number of votes is considered the video class. Because false-negatives are
potentially more harmful in typical scenarios than false-positives, ties are considered
as nude. Finally, in order to verify the recognition rates, the final video classification
was compared to a manually built ground-truth.

Despite the importance of the nude detection task, there is no public available
standard database for a significant comparison among different algorithms. Then, to
be able to test the proposed algorithm, a collection of 179 video segments was created.
Such segments were collected from 10 different movies and the entire segments database

are available online*.

‘http://www.npdi.dcc.ufmg.br/nudeDetection
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The experiments are designed to evaluate the ability of discriminating between
nude and non-nude videos from BoVF's representations for the selected frames. Two
different sample ratios were tested: 1/15 frame (2 frames per second) and 1/30 frames (1
frame per second). These sample ratios provided 2021 and 1011 frames to be classified,
respectively. Sampling ratios lower than those ones were considered not desirable, to
avoid missing short nude sequences between non-nude material.

Three different vocabulary sizes were tested for classification of those BoVF vec-
tors between nude and non-nude: 60, 120 and 180. A linear SVM classifier is used,
and its penalty error parameter (C') is refined by the same procedure described in Sub-
section 6.3.1. In order to compute the confidence intervals for the recognition rates of
each k (and its best C previously determined), 30 new five-fold cross validation runs
were performed, randomly varying the videos selected for each fold.

The recognition rates achieved in the above experiments are summarized in Ta-
ble 6.4. In them, the recognition rate for frames (second column) are those expected
if only a keyframe was selected to represent the entire video segment. In the third col-
umn, are the recognition rates using the proposed voting scheme. From those tables, it
is possible to see that, in all cases, applying the voting algorithm causes a statistically
significant increase in the overall recognition rate for the videos, when compared to
the recognition rate of the individual frames. Such results indicate that, indeed, the
voting scheme is able to take advantage of the existence of several similar frames to

solve some dubious cases.

6.4 Concluding Remarks

This chapter describes the additional contributions derived of the exploratory work
performed along the doctorate course, which provided the theoretical and practical
basis to the development of this thesis. They are listed approximately in order of

relevance, and derived publications are listed in Section 1.5.
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Table 6.4. Comparing recognition rates for keyframe and voting based classifi-
cation.

Voc. Size Keyframe (%) Voting (%) Increase

60 76.4£0.2 771104 0.7
120 80.2+0.3 80.9+0.4 0.7
180 83.9+0.2 88.4£0.6 4.5

(a) 1/30 frames

Voc. Size Keyframe (%) Voting (%) Increase

60 79.1£0.1 80.0£0.4 1.4
120 83.7+0.2 8§7.3£04 3.6
180 85.9£0.1 93.2+04 7.3

(b) 1/15 frames



Chapter 7

Conclusion

In this thesis, we address the problem of action recognition in realistic videos based
on their visual content only. More specifically, in our proposal we address two main

1ssues:

e The inclusion of contextual information in the video descriptor to enhance clas-

sification.

e Dealing with the general lack of samples for training the action classifier.

In order to obtain a clear overview of the current state-of-the-art in the area, a
broad survey on the subject was performed. This survey served two main purposes:
firstly, it provided a firm foundation for a principled choice of the path to follow.
Additionally, the survey showed a lack of previous surveys encompassing and properly
organizing the most recent achievements in the area.

After having decided by a work based on BoVF representations and SVM clas-
sifiers, we firstly explored the issue of how to deal with the dynamic information in a
BoVF-based approach for videos (Lopes et al. [2009d] and Lopes et al. [2009¢|). Ad-
ditionally, some scenarios other than action recognition were addressed (Lopes et al.
[2009a], Lopes et al. [2009b] and Batista et al. [2009b]), providing further indications
of the properness of BoVF-based approaches for challenging, realistic image and video
databases. We also explored the cost-benefit both of the k-means algorithm and a less
expensive, enhanced random vocabulary selection algorithm (Santos et al. [2010]).

Based on those preliminary results, we then proposed, implemented and evaluated
a BoVF-based solution for action recognition in realistic videos from state-of-the art
datasets. The main contribution of that solution can be summarized by the addition

of high-level contextual information by means of transfer learning. The initial proposal
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was based on some indications coming from different recent works in the area, which
supported the underpinning assumptions of the proposed methodology, which are listed
and justified in Chapter 4.

We advocate that the current approach for action recognition presents a number

of advantages over existing ones, namely:

1. it relies on BoVF-based concept recognition instead of accurate detectors or global
low-level features, therefore being more robust to several kinds of visual varia-

tions.
2. it gathers contextual information from cleanly, instead of noisy, annotated data.

3. the solution, based on TL theory, is generic enough to encompass any number of
external databases, drawing on and adding value to previous annotation efforts

of the academic community.

4. the context description is kept in the semantic level, contributing to narrow the

semantic gap for the specific case of human action recognition.

7.1 Future Work

The next natural step to this work is to apply the solution proposed in a number
of databases of realistic action videos in fully-comparable experiment settings. In
particular, we propose that a number of issues deserve some attention in these near

future investigations:

e How the number of concepts affects the enhancement in action recognition by
transfer? More is always better or is there a plateau above which no enhancement

is possible?

e Which actions benefit more from transfer and why? Could we devise ways of

anticipating that behavior?
e How to explore the relation between concepts and actions more explicitly?
e How different auxiliary databases could be used in synergy?

In a more long-term vein, it is worth noticing that spite of the success of BoVF-
based approaches, a number of limitations are yet to be overcome by them in order to
achieve solutions that are mature enough to be incorporated in real-world tools. One of

those issues is the ad-hoc nature of the visual vocabulary learning process. Although
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some papers discussed (Section 3.4.2) indicate better alternatives to pure k-means,
there is no principled methodology neither to build an optimal vocabulary, nor even to
preemptively assess the vocabulary quality, given a specific database.

The relatively small number of proposals dealing with local descriptors in alter-
native ways (Section 3.4.2) prevents the anticipation of specific trends in this direction,
but it is noticeable that both BoVF and non-BoVF-based approaches have been moved
from an initial preference for sparse set of interest points to a current trend towards
denser sets, on the assumption that they are more appropriate for realistic scenarios.
This premise is reinforced, for example, by the comparison among several 3D point de-
tectors and descriptors performed by Wang et al. [2009], which concluded that, except
for the KTH database — which has very little contextual information, given its neu-
tral background — regularly spaced dense samplings of points perform better at action
recognition than interest points.

Approaches like ours, based on concept probabilities are somewhat under-
explored for action recognition, mainly if one considers their widespread usage in CBVR
systems. One reason for this apparent lack of interest might be the scarcity of anno-
tated training samples for each concept classifier, as well as the issues raised by the
usage of meta-classification and classification fusion. We addressed them with the aid
of the theory of Transfer Learning (TL), but we consider there is abundant space for
alternative approaches.

The scarcity of labeled data for action recognition itself is an important issue
which needs to be tackled in order to allow more significant advances in the area.
Some initiatives have generated de facto standard databases, like Weizmann Blank
et al. [2005] and KTH Schuldt et al. [2004] controlled databases, and, recently, more
realistic ones, like the Hollywood Movies Datasets (Laptev et al. [2008] — Hollywood,
Marszalek et al. [2009] — Hollywood2) and the Action Dataset Liu et al. [2009]. Such
annotation efforts have been fundamental to research advances achieved in the area in
the last few years, but they suffer the limitation of being somewhat isolated efforts and
therefore, necessarily limited in size and scope. The TRECVID benchmark, which is
well-known for its collective annotation efforts at larger scales, has had an event detec-
tion /recognition track for a few years, but videos and ground-truth data are available
for participants only.

Although most current approaches for action recognition focus on enhancing
recognition capability, it is worth mentioning that in order to scale up to the dimen-
sions of the web or of any large database, efficiency needs to be taken into account.
Some efforts in this direction are available in the literature. In the work of Lin et al.

[2009], for example, lookup tables of action prototypes are used to speed-up action
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classification. In Uemura et al. [2008], Ji et al. [2008] and Mikolajczyk and Uemura
[2008], the features are quantized using vocabulary trees, which lead to more efficient
matching when compared with traditional codebooks. In the realm of more typical
BoVF schemes, compact vocabularies — like those in Liu and Shah [2008], Jiang and
Ngo [2009] and Liu et al. [2009] — can help to reduce the overall computational effort.
In Ke et al. [2005], Ke et al. [2007b| and Laptev and Perez [2007], efficient boosting
algorithms are applied for volumetric matching. In Mikolajczyk and Uemura [2008],
the high computational complexity of the proposed approach — based on several dense
interest point detectors — is explicitly pointed out, and leaded the authors to imple-
ment their recognition framework in a parallel architecture. Yet, action recognition by
visual information still require a huge computational effort, unable to compete with
pure textual solutions.

In other words, this research area is still plenty of challenges both in terms of
recognition ability and performance in order to be merged with current generic search
engines. In spite of that, some specific applications can already be developed using
existing state-of-the-art approaches.

Finally, we firmly believe that a full mature solution to indexing and search of
multimedia content is going to be multi-modal, including not only textual, visual and

motion information, but also audio, personal and social evidences, all fused together.
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